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La spectrométrie de masse mesure la masse des ions selon leur rapport masse sur charge. Cette 
technique est employée dans plusieurs domaines et peut analyser des mélanges complexes. 
L’imagerie par spectrométrie de masse (Imaging Mass Spectrometry en anglais, IMS), une branche 
de la spectrométrie de masse, permet l’analyse des ions sur une surface, tout en conservant 
l’organisation spatiale des ions détectés. Jusqu’à présent, les échantillons les plus étudiés en IMS 
sont des sections tissulaires végétales ou animales. Parmi les molécules couramment analysées par 
l’IMS, les lipides ont suscité beaucoup d'intérêt. Les lipides sont impliqués dans les maladies et le 
fonctionnement normal des cellules; ils forment la membrane cellulaire et ont plusieurs rôles, comme 
celui de réguler des événements cellulaires. Considérant l’implication des lipides dans la biologie et 
la capacité du MALDI IMS à les analyser, nous avons développé des stratégies analytiques pour la 
manipulation des échantillons et l’analyse de larges ensembles de données lipidiques.  
La dégradation des lipides est très importante dans l’industrie alimentaire. De la même façon, les 
lipides des sections tissulaires risquent de se dégrader. Leurs produits de dégradation peuvent donc 
introduire des artefacts dans l’analyse IMS ainsi que la perte d’espèces lipidiques pouvant nuire à la 
précision des mesures d’abondance. Puisque les lipides oxydés sont aussi des médiateurs 
importants dans le développement de plusieurs maladies, leur réelle préservation devient donc 
critique. Dans les études multi-institutionnelles où les échantillons sont souvent transportés d’un 
emplacement à l’autre, des protocoles adaptés et validés, et des mesures de dégradation sont 
nécessaires. Nos principaux résultats sont les suivants : un accroissement en fonction du temps des 
phospholipides oxydés et des lysophospholipides dans des conditions ambiantes, une diminution de 
la présence des lipides ayant des acides gras insaturés et un effet inhibitoire sur ses phénomènes 
de la conservation des sections au froid sous N2. A température et atmosphère ambiantes, les 
phospholipides sont oxydés sur une échelle de temps typique d’une préparation IMS normale (~30 
minutes). Les phospholipides sont aussi décomposés en lysophospholipides sur une échelle de 
temps de plusieurs jours. La validation d’une méthode de manipulation d’échantillon est d’autant 
plus importante lorsqu’il s’agit d’analyser un plus grand nombre d’échantillons. 
L’athérosclérose est une maladie cardiovasculaire induite par l’accumulation de matériel cellulaire 
sur la paroi artérielle. Puisque l’athérosclérose est un phénomène en trois dimension (3D), l'IMS 3D 
en série devient donc utile, d'une part, car elle a la capacité à localiser les molécules sur la longueur 
totale d’une plaque athéromateuse et, d'autre part, car elle peut identifier des mécanismes 
moléculaires du développement ou de la rupture des plaques. l'IMS 3D en série fait face à certains 
défis spécifiques, dont beaucoup se rapportent simplement à la reconstruction en 3D et à 
l’interprétation de la reconstruction moléculaire en temps réel. En tenant compte de ces objectifs et 
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en utilisant l’IMS des lipides pour l’étude des plaques d’athérosclérose d’une carotide humaine et 
d’un modèle murin d’athérosclérose, nous avons élaboré des méthodes «open-source» pour la 
reconstruction des données de l’IMS en 3D. Notre méthodologie fournit un moyen d’obtenir des 
visualisations de haute qualité et démontre une stratégie pour l’interprétation rapide des données de 
l’IMS 3D par la segmentation multivariée. L’analyse d’aortes d’un modèle murin a été le point de 
départ pour le développement des méthodes car ce sont des échantillons mieux contrôlés. En 
corrélant les données acquises en mode d’ionisation positive et négative, l’IMS en 3D a permis de 
démontrer une accumulation des phospholipides dans les sinus aortiques. De plus, l’IMS par AgLDI 
a mis en évidence une localisation différentielle des acides gras libres, du cholestérol, des esters du 
cholestérol et des triglycérides. La segmentation multivariée des signaux lipidiques suite à l’analyse 
par IMS d’une carotide humaine démontre une histologie moléculaire corrélée avec le degré de 
sténose de l’artère. Ces recherches aident à mieux comprendre la complexité biologique de 
l’athérosclérose et peuvent possiblement prédire le développement de certains cas cliniques.  
La métastase au foie du cancer colorectal (Colorectal cancer liver metastasis en anglais, CRCLM) 
est la maladie métastatique du cancer colorectal primaire, un des cancers le plus fréquent au 
monde. L’évaluation et le pronostic des tumeurs CRCLM sont effectués avec l’histopathologie avec 
une marge d’erreur. Nous avons utilisé l’IMS des lipides pour identifier les compartiments 
histologiques du CRCLM et extraire leurs signatures lipidiques. En exploitant ces signatures 
moléculaires, nous avons pu déterminer un score histopathologique quantitatif et objectif et qui 
corrèle avec le pronostic. De plus, par la dissection des signatures lipidiques, nous avons identifié 
des espèces lipidiques individuelles qui sont discriminants des différentes histologies du CRCLM et 
qui peuvent potentiellement être utilisées comme des biomarqueurs pour la détermination de la 
réponse à la thérapie. Plus spécifiquement, nous avons trouvé une série de plasmalogènes et 
sphingolipides qui permettent de distinguer deux différents types de nécrose (infarct-like necrosis et 
usual necrosis en anglais, ILN et UN, respectivement). L’ILN est associé avec la réponse aux 
traitements chimiothérapiques, alors que l’UN est associé au fonctionnement normal de la tumeur. 
Mots clés : imagerie par spectrométrie de masse, lipides, imagerie 3D, artériosclérose, cancer 
du colon, métastase, foie.  
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Summary 
Mass spectrometry is the measurement of the mass over charge ratio of ions. It is broadly applicable 
and capable of analyzing complex mixtures. Imaging mass spectrometry (IMS) is a branch of mass 
spectrometry that analyses ions across a surface while conserving their spatial organization on said 
surface. At this juncture, the most studied IMS samples are thin tissue sections from plants and 
animals. Among the molecules routinely imaged by IMS, lipids have generated significant interest. 
Lipids are important in disease and normal cell function as they form cell membranes and act as 
signaling molecules for cellular events among many other roles. Considering the potential of lipids in 
biological and clinical applications and the capability of MALDI to ionize lipids, we developed 
analytical strategies for the handling of samples and analysis of large lipid MALDI IMS datasets.  
Lipid degradation is massively important in the food industry with oxidized products producing a bad 
smell and taste. Similarly, lipids in thin tissue sections cut from whole tissues are subject to 
degradation, and their degradation products can introduce IMS artifacts and the loss of normally 
occurring species to degradation can skew accuracy in IMS measures of abundance. Oxidized lipids 
are also known to be important mediators in the progression of several diseases and their accurate 
preservation is critical. As IMS studies become multi-institutional and collaborations lead to sample 
exchange, the need for validated protocols and measures of degradation are necessary. We 
observed the products of lipid degradation in tissue sections from multiple mouse organs and 
reported on the conditions promoting and inhibiting their presence as well as the timeline of 
degradation. Our key findings were the increase in oxidized phospholipids and lysophospholipids 
from degradation at ambient conditions, the decrease in the presence of lipids containing 
unsaturations on their fatty acyl chains, and the inhibition of degradation by matrix coating and cold 
storage of sections under N2 atmosphere. At ambient atmospheric and temperature, lipids degraded 
into oxidized phospholipids on the time-scale of a normal IMS experiment sample preparation (within 
30 min). Lipids then degraded into lysophospholipids’ on a time scale on the order of several days. 
Validation of sample handling is especially important when a greater number of samples are to be 
analyzed either through a cohort of samples, or analysis of multiple sections from a single tissue as 
in serial 3D IMS. 
Atherosclerosis is disease caused by accumulation of cellular material at the arterial wall. The 
accumulation implanted in the cell wall grows and eventually occludes the blood vessel, or causes a 
stroke. Atherosclerosis is a 3D phenomenon and serial 3D IMS is useful for its ability to localize 
molecules throughout the length of a plaque and help to define the molecular mechanisms of plaque 
development and rupture. Serial 3D IMS has many challenges, many of which are simply a matter of 
producing 3D reconstructions and interpreting them in a timely fashion. In this aim and using 
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analysis of lipids from atherosclerotic plaques from a human carotid and mouse aortic sinuses, we 
described 3D reconstruction methods using open-source software for reconstruction, visualization 
and data analysis. Our methodology provides means to obtain high quality visualizations and 
demonstrates strategies for rapid interpretation of 3D IMS datasets through multivariate 
segmentation. Mouse aorta from model animals provided a springboard for developing the methods 
on lower risk samples with less variation with interesting molecular results. 3D MALDI IMS showed 
localized phospholipid accumulation in the mouse aortic sinuses with correlation between separate 
positive and negative ionization datasets. Silver-assisted LDI imaging presented differential 
localization of free fatty acids, cholesterol / cholesterol esters, and triglycerides. The human carotid’s 
3D segmentation shows molecular histologies (spatial groupings of imaging pixels with similar 
spectral fingerprints) correlating to the degree of arterial stenosis. Our results outline the potential for 
3D IMS in atherosclerotic research. Molecular histologies and their 3D spatial organization, obtained 
from the IMS techniques used herein, may predict high-risk features, and particularly identify areas 
of plaque that have higher-risk of rupture. These investigations would help further unravel the 
biological complexities of atherosclerosis, and predict clinical outcomes.  
Colorectal cancer liver metastasis (CRCLM) is the metastatic disease of primary colorectal cancer, 
one of the most common cancers worldwide. CRC is a cancer of the endothelial lining of the colon or 
rectum. Prognosticating and assessment of CRC tumors is performed using classical histopathology 
with a margin of error due to the subjective nature of histopathology. We have used lipid IMS to 
identify the histological compartments and extract their signature and using these IMS signatures we 
obtained a quantitative and objective histopathological score that correlates with prognosis. 
Additionally, by dissecting out the lipid signatures we have identified single lipid moieties that are 
unique to different histologies that could potentially be used as new biomarkers for assessing 
response to therapy. Particularly, we found a series of plasmalogen and sphingolipid species that 
differentiate infarct-like and usual necrosis, typical of chemotherapeutic response and normal tumor 
function, respectively.  
 
Keywords: Imaging mass spectrometry, lipids, 3D imaging, atherosclerosis, colorectal cancer 
liver metastasis, metastasis, liver 
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Chapter 1: Introduction 
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1.1 Mass spectrometry: little scale with big applications 
Mass spectrometry (MS) generates and measures ions by their mass-to-change ratio (m/z). The 
insights of MS analysis have made significant impact and have revolutionized several fields of 
scientific inquiry; studies of proteins, metabolites, or environmental contaminants among many 
others have benefited immensely from MS technology.1 MS analysis provides molecular 
identification by matching theoretical masses or through structural elucidation by tandem MS 
(MS/MS) fragmentation. Alongside identification, MS is also widely used for quantitation of 
molecules. Perhaps most importantly, MS techniques are applicable to mixtures of molecules 
and are scalable to very complex samples. Altogether, the use of MS falls along both the axes 
of discovery and routine in scientific analysis.  
1.1.2 Matrix assisted laser desorption/ionization mass spectrometry 
Fundamentally, a mass spectrometry measurement can be split into two phases: generation of 
ions in an ion source and analysis of ions by a mass analyser. The generation of ions is the 
necessary first step of an MS analysis and the ion source selected is based on where the 
analytes are situated. Analyses of liquid samples will benefit from electrospray ionization, an ion 
source that ionizes analytes dissolved in liquids.2 For analysis of dry samples on surfaces, 
matrix assisted laser desorption/ionization (MALDI) is often used as an ion source. In 
bioanalysis, MALDI MS analysis of a higher mass protein (> 30 kilodaltons (Da)) was first 
demonstrated by Koichi Tanaka in 19873, for which he was awarded a quarter of the 2002 
Nobel Prize in Chemistry. However, the specific development of MALDI may be more justly 
credited to Michael Karas and Franz Hillenkamp, who proposed organic “matrices” to induce 
desorption/ionization.4 Since the demonstration of protein analysis by MALDI MS, it has been 
used in the analysis of biomolecules including peptides5, lipids6, amino acids7, and many more. 
3 
Alongside its analytical capabilities in fundamental biological studies, it is being routinely used in 
clinical microbiology to differentiate bacterial strains.8,9  
MALDI MS’s advantages are numerous: MALDI MS is a “soft” ionization technique, meaning 
that the ionization event does not significantly fragment the ionized analytes and allows 
detection of the intact molecular ions. MALDI MS analysis usually generates singly charged 
species eliminating the need for deconvolution of isotopic patterns of ions in multiply charged 
states. Sensitivity in a MALDI MS analysis can be down to the femtomole. MALDI MS is also 
relatively tolerant to salt in the sample mixture. Finally, the direct generation of ions from a 
surface at discrete positions allows imaging mass spectrometry (IMS). 
1.1.2.1 MALDI sample preparation and ionization mechanism 
MALDI, as its name implies, requires a matrix. The matrix is usually a weak organic acid 
capable of absorbing at the wavelength of the laser incorporated in the MALDI source, and is 
present in excess of the analyte (~5000/1). The sample preparation of a classic MALDI 
experiment involves depositing small volumes (microliters) of the analyte in solution on a target 
plate, and then adding the MALDI matrix in solution on top of the semi-dried analyte spot. The 
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Equation 1. Relationship of time to mass-to-charge ratio in TOF-MS. Where t is equal to 
time, m is equal the ion’s mass, z is equal to the charge of the ion, L is length of the flight tube, 
and 2eVx are instrumental acceleration parameters. Note: this equation does not consider time 
spent in the source, but is a general model of the relation between flight time and m/z.  
Mass resolution is the measure of the mass spectrum’s peak divided by its spread (full width at 
half mass) along the x-axis where higher mass resolution produces thinner peaks. 
 
= ∆  
Equation 2. Resolution in mass spectrometry. m= measured mass of interested, Δm = the 
full width at half mass of the detected peak. 
 
TOF resolution is proportional to the length of the flight tube; longer tubes give better resolution 
as the longer flight times allow better ion separation but ions cannot have an unlimited flight 
path. MALDI-TOF instruments can usually achieve at least 10,000 in mass resolution. 
Additionally, ion flight must necessarily be along as unobstructed of a path as possible in the 
flight tube. Any interference in space by collision with ambient gases will deflect the ion’s path, 
and cause fragmentation of the ion, and arbitrarily increase its flight time and introducing 
fragment artifacts. This leads to less resolved peaks from shifted flight times and less sensitive 
analysis from the loss of ions. Thus, time of flight analysis is done under high vacuum (~10-7 
mbar). 
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1.1.2.2.1 Advancing TOF technology: delayed extraction & reflectron TOF 
Key developments in TOF technology have improved mass resolution in TOF MS and made the 
technique much more powerful, namely the development of delayed extraction (also known as 
pulsed ion extraction) and reflectron-TOF (reTOF). Delayed extraction improves TOF mass 
resolution by centering the initial dispersion of ion velocity.  
 
Figure 1-3. Schematic of delayed extraction in TOF MS. (top) The initial MALDI event 
generates ions of the same m/z with different initial kinetic energies, represented by arrows. 
(middle) The extraction pulse that accelerates the ions is delayed, allowing the ions with higher 
kinetic energy to travel further from the extraction plate. When the extracting potential is applied, 
ions with higher initial kinetic energy thus receive less energy, while the ions with low initial 
kinetic energy receive more (bottom). Ions finally arrive at the same time to the detector, 
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Figure 1-5. Improvements in mass resolution combining delayed extraction and 
reflectron TOF. DE=delayed extraction. Res. = mass resolution. Adapted from reference.17 
 
 1.1.2.2.2 TOF/TOF tandem mass spectrometry 
Tandem mass spectrometry (MS/MS) can achieve structural identification of ions in the mass 
spectrometry experiment. MS/MS is isolation then fragmentation of a precursor ion followed by 
detection of the fragments. Ionized molecules fragment in ways characteristic to their chemical 
structure and to the fragmentation technique. For instance, certain chemical groups retain better 
a charge during fragmentation or are more likely to break during the fragmentation process. 
Accumulated knowledge of this chemistry has enabled structural identification. MS/MS is 
essential in almost every MS application. It can be used to compare experimental MS/MS 
results to MS/MS of standards, and databases of MS/MS fragmentation play a large role in 
identification of proteins18 and other molecules19. In MALDI-TOF, MS/MS can be achieved with 
MALDI tandem TOF (TOF/TOF) through post-source decay analysis where a first analysis times 
the precursor ion out of source and a second uses excess laser energy at the MALDI event to 
create vibrational energy and induce fragmentation of the precursor ion during ion flight after 
previously timed mass filtering.20 TOF/TOF MS is useful for peptide sequencing at higher 
masses but has limitations in the lower mass range where poor precursor selection (~4-6 Da 
windows) limits isolation of closely spaced m/zs in complex mixtures.  
Reflectron, no DE Linear, DE Reflectron, DE 
10 
1.1.2.4 Other types of mass analyzers 
MALDI can be coupled to other mass analyzers; notably, Fourier transform ion cyclotron 
resonance (FT-ICR) has been used. In FT-ICR, high field magnets are used to trap ions in a 
cyclical orbit. Excitation of the orbiting ions by use an electric field causes them to orbit at a 
frequency proportional to their m/z.21 This type of mass analyzer is currently capable of 
achieving the highest mass resolution of all analyzers (R > 1,000,000)22 but is among the most 
expensive MS instrumentation and is less robust than TOF. MALDI-FT-ICR is very useful in 
species identification as high resolution provides exact masses with very little error and 
detection of fine isotope patterns allow for easy hypothesizing of an ion’s elemental 
composition.23,24 FT-ICR works best in the mass range below 3,000 Da and thus very well suited 
to studies of small molecules. Besides increases in mass resolution, FT-ICR is also more 
sensitive than MALDI-TOF. In MS/MS studies, MALDI-FT-ICR systems are equipped with a 
quadropole prior to the mass analyzer that enables better precursor ion selection than TOF/TOF 
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SIMS achieves imaging through rastering similar to MALDI IMS but generates secondary ions 
through bombardment of the sample with a primary ion beam and does not require matrix. It can 
image at higher spatial resolution than MALDI but has limited mass range (typically < 1000 Da), 
sensitivity, and induces decomposition of organic species during bombardment.31 DESI is 
another technique for IMS that uses a focused electrospray beam moved across a surface to 
desorb and ionize in situ molecules then captures ions into an analyser. DESI is promising for 
applications as it requires minimal sample preparation and can be achieved through 
modification of an inexpensive ESI source.32 Other novel IMS technologies have also been 
demonstrated.33  
The advantages of MALDI IMS in comparison to other molecular imaging technologies such as 
fluorescence, immunohistochemistry (IHC), or RAMAN imaging34 are untargeted and label free 
analysis, low detection limits, and specificity to analytes simply by choice of sample preparation 
as well as identification of the exact chemical species imaged. IHC has been widely used to 
image anti-gens (usually proteins) in tissue sections through antibody reaction. In most 
applications, the antibodies are tagged with a fluorophore and can thus be imaged with 
fluorescence microscopy. IHC localizes one protein and has the added risk of non-specific 
binding of the anti-body and multiplexing can be complicated.35 In contrast, MALDI IMS can 
detect many proteins in one analysis but has lower throughput. For validation of the detected 
species, structural determination also eliminates potential false positives.36,37 Beyond proteins, 
imaging of many different small molecules was not possible before IMS. For example, there are 
few and limited complementary imaging techniques to validate IMS localization of individual 
lipids. IHC could detect a lipid with an attached oligosaccharide, but will not differentiate the 
lipophilic portion of the lipid.  
Some apparent limitations in IMS are unknowns in ionization efficiency as all chemical species 
are ionized in one event and this may lead to ion suppression and the favorable ionization of 
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some molecules over others.38 This presents a problem in comparing the relative abundance of 
ions in IMS data. Another current limitation is imaging resolution.39 Fluorescent microscopy can 
image at the subcellular level40, while the best commercial MALDI instrumentation tops out at 5 
µm imaging resolution.41 Beyond the necessity for better instrumentation, there is dramatic 
decrease in sensitivity at high spatial resolution. However, these problems are not inherit to the 
analysis and can be improved with better technology and sample preparation.26  
1.2.1 Thin tissue sections in MALDI IMS 
The most active area of MALDI IMS research is imaging of thin sections from mammalian 
tissue.29 Here, endogenous and exogenous molecules can be detected from the tissue section 
with their localization giving clues about biological processes, disease processes, and/or 
pharmokinetics42. Although tissue sections of mammalian origin have garnered the most 
attention, recently plants43-47 and insects48-53 are being imaged with promising results.  
Experimentally, IMS of thin tissue sections is most often performed with fresh frozen tissues 
rather than tissues embedded in media (such as paraffin54 or PaxGENE55,56) used in many 
pathology applications. Fresh frozen here implies that after dissection of the tissue, it is “snap 
frozen” by plunging it into liquid nitrogen or isopenthane or by placing it on dry ice and then 
stored below freezing (-80°C) until use. Fresh frozen tissues preserve the molecular content of 
the tissue in its native state but the quality of the tissue architecture for microscopy after staining 
is poorer and the tissue itself must be freezer stored and may have a limited lifetime. Fresh 
frozen tissues also require cryo-sectioning (cut at temperatures typically < -10°C). Tissue work 
in pathology has focused heavily on formalin-fixed paraffin-embedded (FFPE) tissues. FFPE 
tissues use formalin as a fixative that preserves the tissue architecture and can preserve some 
RNA and DNA. The fixation works by cross-linking protein amino acids within the tissue with 
formaldehyde. This protein cross-linking can be undone by the use of heat during the anti-gen 
retrieval phase.57 The paraffin embedding step allows the samples to be stored at room 
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temperature and archived for years with limited degradation. Indeed, many pathology labs have 
enormous banks of FFPE tissue. FFPE tissues can also be analyzed by MALDI IMS for protein 
and protein modifications, but only after an enzymatic digestion due to the aforementioned 
protein cross-linking. Typically, the digestion is done with trypsin for peptides but recent novel 
enzymatic digestions have been proposed such as N-glycosidase F for N-glycans attached to 
proteins.58,59 The work presented in this thesis uses exclusively fresh frozen tissue as it is the 
only means to access lipids. 
1.2.2 MALDI IMS of lipids 
1.2.2.1 MS key in the field of lipidomics 
In fresh frozen tissues, MALDI IMS can image major classes of endogenous biomolecules 
including proteins, peptides, lipids, and primary metabolites. Lipids are of particular interest 
because of their diverse functions. The importance of lipids has been highlighted in studies 
showing their dysfunction at the metabolic level being implicated in cancer60, diabetes61, and 
many other diseases and a more thorough discussion of this will be presented in the next 
section.62 The burgeoning field of lipidomics attests to the biological importance of lipids and to 
the rapid technological developments in MS during the last 20 years.63  
1.2.2.2 Brief introduction to lipids imaged by MALDI IMS 
Category Abbreviation 
Structures in 
Database MALDI IMS  
Fatty acyls FA 6954 Y64 
Glycerolipids GL 7542 Y65 
Glycerophospholipids GP 9387 Y66 
Sphingolipids SP 4352 Y67 
Sterol Lipids ST 2833 Y68 
Prenol Lipids PR 1257 N 
Saccharolipids SL 1293 N 
Polyketides PK 6742 N 
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Table 1-1. Classes of lipids from LIPID MAPS and whether the class has been imaged by 
MALDI IMS. Stuctures in database are the number of structures for each lipid category in the 
LIPID MAPs database (as of April 2016). Y= yes, N= no.  
Lipids are hydrophobic or amphiphilic small molecules generally recognized for their solubility in 
non-polar solvents. LIPID MAPS is the most widely accepted lipid database and currently 
divides lipids into eight major categories: fatty acids, glycerolipids, glycerophospholipids, 
sphingolipids, saccharolipids, polyketides, sterol lipids, and prenol lipids. Each category also 
includes many subcategories not listed here. Table 1-1 presents the number of entries for each 
lipid class in the LIPID MAPS database as of April 2016, and whether to date they have been 
imaged by MALDI. Figure 1-7 shows pertinent example structures. Saccharolipids and 
polyketides, not yet imaged by MALDI IMS, are primarily found in microorganisms. Given the 
increasing interest in microbial studies by MALDI IMS69 and their detection by other MS 
techniques70,71, these species are likely to be detectable by IMS in the near future. A brief 
introduction to each subcategory of lipids and background on lipid nomenclature will be provided 
in this section. 
1.2.2.2.1 Fatty acids 
Fatty acyls (FAs) are polar carbon chains (aliphatic chains) with a carboxylic acid end that serve 
as building blocks of many other lipids as well as having function of their own as free FAs 
(FFAs). FAs are generally synthesized in the liver from carbohydrates and incorporated into 
triacylglycerols (TAGs) for storage or as the side chains in phospholipids. FFAs are released 
due to breakdown of other more complex lipid species. Their nomenclature is important and 
incorporated into other lipids with FAs. It is distinguished by the number of carbons, number of 
unsaturations (carbon double bonds on FA chain), position of the unsaturations along the chain, 
and orientation of each position (cis or trans). In bioanalytical work, the cis-trans orientation of 
the double bonds is often ignored as trans orientations are not found in nature. As an example 
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of FA nomenclature, docosahexaenoic acid (DHA) is reduced to C22:6n-3,6,9,12,15,18, and in 
many cases simplified to C22:6 as MS techniques to locate the double bond are relatively new 
and not yet widely used but will likely prove to be important.72-75  
1.2.2.2.2 Glycerophospholipids 
Phospholipids (PLs) form cell membranes as lipid bilayers, and can signal cell activity directly 
from modification at the cell membrane. Structurally, they are amphiphilic with one polar end 
(head-group) and other non-polar end of two FAs. In lipid membranes, composed of bilayers, 
the headgroup ends are towards in the exterior and interior of the cell (the surrounding aqueous 
environment) while the hydrophobic ends interact in the interior of a lipid bilayer. 
Phosphotidylcholines (PCs) are a major subclass of PLs and the majority of lipids in absolute 
quantity, and are the primary class composing lipid bilayers in membranes. Alongside the 
abundant PCs, there are phosphoethanolamines (PEs), phosphoserines (PSs), phosphotidic 
acids (PAs), and phosphoinositides (PIs). Besides the basic form of PLs, PL species are 
regularly modified into their lysoPL and into diacylglycerols (DGs) by cleavage of one of the FAs 
or the headgroup by a phospholipase enzyme. LysoPLs and DGs are implicated in cell 
signaling.76 
PL nomenclature incorporates FA nomenclature; PC(16:1/16:1) would denote a lipid containing 
a phosphotidylcholine head-group with two FA residues of C16:1. A lysed version of the same 
molecule would be denoted LPC(16:1).  
1.2.2.2.3 Sphingolipids 
SPs are a group of lipids based on an 18 carbon amino-alcohol backbone as shown in Figure 1-
7. The diversity of SLs includes important subcategories such as sphingosines, ceramides 
(Cer), sphingomyelines (SM), and cerebrosides among others. The diversity encompasses 
phopholipid headgroups, phosphate species, and sugar residues linked to the sphinolipid 
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backbone. These structural differences are consequential biologically and SLs have been 
implicated non-exhaustively in cellular apoptosis, proliferation, necrosis, inflammation, and 
differentiation77-81.  
1.2.2.2.4 Glycerolipids 
Glycerolipids are an important and more narrowly defined class of lipids containing a glycerol 
backbone with FAs attached. The most common of which is the diacylglycerol and 
triacylglycerol (TAG), sometimes referred to as di- and triglyceride. These lipids are heavily 
implicated in energy storage and compose the bulk of adipose tissue. Metabolism of 
glycerolipids is one source of cellular energy.82,83  
1.2.2.2.5 Sterol lipids 
Sterol lipids are structurally disparate from the previously described lipids as their base structure 
is the fused four ringed sterol. The most notable examples are cholesterol and cholesterol 
metabolites like testosterone. Cholesterol is integral in the cellular membrane and its 
modification to hormonal steroids control many biological processes on short (metabolism, 
inflammation) and long time scales (secondary sex differentiation). 
18 
 
Figure 1-7. Examples of lipid structures from the main classes. Figure demonstrates the 
chemically simple FAs and their use as building blocks of more complex lipid and the sterols 
structural difference to other lipid classes. Figure from reference.84  
1.2.2.3 MALDI IMS experimental aspects with lipids 
It is simple to infer from the expanse of lipids in biology that localizing them in biological 
samples offers novel insights. The relative ease of lipid IMS is due to the high abundance of 
lipids in cells, the fact that many species contain charged headgroups which readily form 
cations/anions, and that most lipids have molecular weights in the mass range where modern 
MS instruments are most sensitive and possess the best resolving power (< m/z 2000). Despite 
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this seeming coalescence of factors, imaging of lipids by MALDI was first introduced in 200566, a 
few years after studies had demonstrated protein imaging. The first critical development in 
MALDI MS of lipids is sample preparation. This had been achieved through matrix choice for 
MALDI analysis of dissolved lipids, and eventually by spraying matrix onto tissue sections. 
Since the beginning of MALDI IMS, techniques in matrix deposition have advanced. At the 
outset, depositions using matrix dissolved in solvent were used almost exclusively, and remain 
in common use. As such, automated sprayer systems have been commercialized greatly 
improving reproducibility. In solvent free matrix application, sublimation of matrix onto tissue 
samples was demonstrated as highly effective for PL analysis.85 Sublimation works well in 
MALDI IMS because it yields a highly uniform matrix layers across tissue sections. The added 
step of matrix recrystallization after sublimation has shown that a combined sublimation/solvent 
application can also be beneficial.86,87 
 
Figure 1-8. Schematic of dual ionization mode imaging. Grid offset is displayed by two color 
pixel locations. 
MALDI IMS of phospholipids has been achieved at <1 µm imaging resolution by employing 
matrix sublimation.88 Sublimation of matrix primarily produces ions of PLs with charged 
headgroups: PCs, PEs, PSs, PIs and many SLs. As previously outlined, PLs are diverse; some 
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PL headgroups are charged negatively and others positively and thus more easily ionize 
through protonation or deprotonation. Thus capturing the full spectrum of species requires 
analysis in both positive and negative ionization mode. With performance of most matrices 
limited to a single ionization mode, it was discovered that 1,5-diaminonapthalene (DAN) offers 
high sensitivity for PLs in both modes and the option of sublimation.89 Dual ionization imaging, 
shown in Figure 1-8 utilizes DAN in acquiring both a positive and negative dataset on a single 
tissue section and is performed using an x-y imaging grid offset of ½ the imaging resolution.90 
The use of metals as desorption/ionization agents in IMS has also been important to lipid 
analysis. Silver-assisted LDI (AgLDI) IMS uses sputtered or evaporated silver layers on tissue 
sections to achieve imaging of FAs, cholesterol, cholesterol esters and other olefin containing 
compounds.65 More recently, gold-assisted LDI has been used to image TAGs with high 
sensitivity.65 
There are drawbacks of MALDI analysis for lipids, chiefly the fact that MALDI matrices may 
produce signals and spectral noise in the mass range of lipids. This has its largest effects on 
species below m/z 450 where most matrices produce the majority of their molecular, adduct, 
and fragment ions. Above m/z 450 contaminating matrix signals can still be observed, but in the 
case of DAN, the matrix adduct ions are primarily detected in regions with few lipid signals. 
Downstream data analysis also easily allows elimination of matrix species from analysis, 
however, the effect of the matrix on ionization efficiency could be important. 
1.2.2.3.1 Lipid identification through MS and MS/MS 
Identification of lipids in MS experiments usually begins with searching the exact mass of the 
lipid in a database. High mass resolution instruments are best suited for this task, but a well 
mass calibrated TOF method is usually accurate enough to be within Δ0.1 m/z at maximum 
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GPs and SLs. Indeed, any lipid MS/MS with a fragment at m/z 184 (PC headgroup) is likely to 
be a PC species, and other characteristic headgroup fragments exist. In the case of SL where 
several sugar residues form the headgroup, the sugar residue may be sequenced. 
PC(16:0/18:1), as shown in Figure 1-9, contains two FA side chains at sn-1 and sn-2 position, 
and the loss of these two side chains along with the loss of the headgroup can confirm the 
structure after database search of the original mass. Elongation of FAs during synthesis is done 
2 carbons at a time and this has important consequences in MS identification; for a single mass 
and a given tolerance, many lipids will be present, but the removal of rare odd-chain FAs 
clarifies candidate structures before MS/MS. For instance, PC(17:0/17:1) has the same mass as 
PC(16:0/18:1), however, the rarity of PCs with odd chains limits the possibility of it as a potential 
ID.  
As mentioned in the primer on fatty acids, locating the double bonds in fatty acids chains 
remains an MS challenge, but another potential solution that is not MS/MS based is the use of 
ion mobility MS. Ion mobility MS measures the collisional cross-section of ions and can give 
clues about their shape in the gas phase. As the structure and shape of the lipid is determined 
by the position of the double bond, ion mobility may be able to help determine the location of the 
bond by changes in the mobility profile. 92 
1.3 Disease applications 
MALDI IMS has already touched a multitude of diseases at the fundamental and clinical level. 
Indeed, the desire to track and localize molecular changes in diseased tissue sections has been 
the driving force behind developments in IMS in every direction. The field has an ever growing 
number of applications with cancer being one of the primary focuses.93,94 Much of the work by 
IMS in cancer has focused on classifying cancerous tissue95,96 against normal tissue and 
stratifying samples based on IMS signals or to discriminate types of cancer in a given tissue.97,98 
Many of these developments have led to strong correlation with clinical pathology99 as well as 
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improvements through new IMS-based clinical criteria.100 Fundamental studies in cancer are 
also aided by IMS; they benefit from direct localization of important biomolecules and in 
conjunction with histological staining data give the specific cells expressing the biomolecule.101 
Importantly, IMS studies working with human tissue are working directly with real patient 
samples and not models, adding a level of validity and immediate applicability to the results. In 
IMS studies the analysis of real samples is complicated by naturally heterogeneous samples but 
when results are consistent across a large cohort they are undoubtedly robust. Besides cancer 
there has been research in other diseases and it has become difficult to monitor all the different 
diseases in the field as the technique can be applied to nearly any tissue, some examples 
include brain, kidney, or retinal diseases.102-105 However, what was true above about cancer is 
largely true about any disease studied by IMS. An important first step in utilizing IMS is 
considering the basics of a disease. In the aim of providing background on the diseases studied 
in this thesis the following sections give brief introductions to atherosclerosis and colorectal 
cancer liver metastasis.  
1.3.1 Cardiovascular disease and atherosclerosis 
Cardiovascular diseases (CVDs) are diseases affecting the vasculature and its function in 
delivering blood to tissues. CVD is the leading cause of death in the world106 and the primary 
risks are related to lifestyle. Atherosclerosis is a CVD with chronic inflammation resulting in a 
build-up of white blood cells and smooth muscle cells (SMCs) at the arterial wall. 
Atherosclerosis leads to hardening of the arteries. 
1.3.1.1 Atherosclerosis disease progression 
The arterial wall tissue contains 3 layers: intima, media, and adventitia (Figure 1-10 a). The 
progression of atherosclerosis begins with deposition of inflammatory cells into the intima. 
Under normal circumstances, the outer endothelial layer in contact with circulating blood allows 
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white blood cells to pass without attachment, however, in atherosclerosis, abnormal blood lipid 
profiles, high blood pressure or pro-inflammatory mediators cause the outer endothelial cells to 
express adhesion molecules at their surface which capture monocytes in the blood. The 
monocytes are deposited into the arterial intimia and begin maturing into macrophages (Figure 
1-10 b). The mature macrophages uptake lipids from low density lipoprotein (LDL) particles that 
have also penetrated into the intima due to the more permeable arterial wall and develop into 
foam cells when engorged with the lipids.107 After foam cells begin to develop, SMCs migrate 
from the media to the intima and produce extracellular matrix molecules such as collagen. 
Eventually, this collagen rich environment can cover the plaque and harden it with a fibrous cap. 
Within the fibrous cap, some macrophages turned foam cells die and their cellular contents are 
released into the extracellular matrix. The lipids and cellular debris of the apoptotic foam cells 
build up in the plaque and form a lipid-rich necrotic core (Figure 1-10 c). 108  
 
 
Figure 1-10. Schematic of atherosclerotic progression. (a) Normal artery showing the 
arterial layers. (b) Initial stages of plaque development with white blood cell invasion and of LDL 
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in the intima. (c) later plaque development with invasion of SMCs in the intima, and 
development of a fibrous cap. (d) late stage plaque development with a large lipid core and 
rupture of the plaque. Figure taken from reference.109 
The end stage of plaque development can either be thinning of the fibrous cap and release of 
the accumulated cellular material into the bloodstream or complete occlusion of the blood vessel 
at the site of the plaque (Figure 1-10 d). Thinning of the fibrous area of plaque is due to 
inflammatory cells releasing enzymes which breakdown the collagen and other extracellular 
matrix materials composing the plaque. As the plaque thins, it is ruptured by the mechanical 
forces of the blood pressure, thus the risk of high blood pressure with plaques. When release, 
the accumulated atherosclerotic material in the bloodstream quickly triggers an inflammatory 
response and causes coagulation of the material into a thrombosis. The thrombosis can occlude 
at the site of the plaque or further downstream in smaller vessels. Most notably, rupture of 
plaque at the carotid artery in the neck often occludes downstream blood vessels in the brain 
causing stroke.109 
 
Figure 1-11. Processing of extracellular material at fibrous cap. The synthesis and 
breakdown of extracellular material between the macrophages and SMCs which leads to 
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thinning of the cap and less resistance to shearing by the mechanical force of blood pressure. 
Figure taken from reference.110 
Atherosclerosis plaques in humans are individually unique and develop over a lifetime although 
most complications occur in the second half of life. One often cited study performed autopsies 
on healthy, young soldiers who died in the Korean War and found many already had developed 
plaques before the age of 30.111 Plaques generally exist on a spectrum of fatty to fibrotic with 
fatty plaques being at higher risk of rupture.110 The development of a fatty or fibrous plaques 
depends on the balance between inflammatory cells and SMCs in the plaque. The inflammatory 
cells accumulate lipids and develop the necrotic core, while the SMCs produce collagen and 
other reinforcing molecules into the plaque (Figure 1-11). The highly fibrous plaque is thus less 
likely to rupture by the previously described mechanism. The inflammation-related rupture has 
also been highlighted by the increased risk of plaque rupture in patients with acute illness.110 
1.3.1.2 Analysis of atherosclerotic plaques 
Analysis of atherosclerotic plaques is done through a variety of techniques, including in vivo 
imaging. The foremost examination of plaque character comes from pathological analysis of 
stained tissues, where histologically distinct areas are recognized by their coloring with dyes. 
This approach is useful in examining some of the gross morphology and structure of plaques 
but has little clinical applicability as it is ex vivo. Clinically, plaque is often assessed by 
ultrasound imaging, where the degree of plaque occlusion of the artery (stenosis) is determined 
and measures of blood flow around the plaque give some indication about its development. 
However, highly stenotic plaques are not necessarily high-risk plaques in that stenosis is not 
always related to rupture, and indeed, the elucidation of the fatty atheromas as high-risk has led 
the need for alternative assessment of plaque vulnerability. In this aim, magnetic resonance 
imaging and other tag based in vivo imaging platforms have been used. MS has been 
implicated as well, but the invasive sample requirements lead to MS working in a discovery role 
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in determination of the biomolecular character of plaque diversity or working with biofluids to 
determine any CVD association.112  
1.3.2 Colorectal cancer and colorectal cancer liver metastasis 
Cancer is another major leading cause of death globally. Cancer is abnormal cell growth that 
can spread from one organ or area to another (metastasis). Cancer causes malfunction of the 
organ’s where it has infiltrated and is due to environmental and genetic factors. Colorectal 
cancer (CRC) is cancer in the large intestine at the colon and rectum and is the third most 
common cancer globally as of 2014.113 CRC originates from the endothelial cells lining the colon 
or rectum and often is an adenocarcinoma, or glandular mucus secreting cancer. Early 
detection of CRC by colonoscopy and surgical resection can often be curative, but metastatic 
CRC has a poorer prognosis. Particularly, the liver as a metastasis site (colorectal cancer liver 
metastasis (CRCLM)) is common, and surgical resection has curative potential but it is not 
applicable in all CRCLM cases.114,115  
1.3.1.1 Colorectal cancer liver metastasis progression 
CRC metastasizes when CRC cells detach from the colon or rectum and enter the blood or 
lymphatic circulation and attach to other organs. CRC cells that metastasize have often 
progressive mutations which allow them to proliferate in face of immune response at the 
colon/rectum and in the circulatory system. Alongside these protective mutations, the colon area 
is also transformed by the CRC progression and develops “leaky vasculature” whereby the 
mutated CRC cells can enter the bloodstream.116 Despite the mutations, metastatic cancer cells 
have a very small chance of survival with recent studies indicating 0.01% of cells survive the 
circulatory system, where mechanical stress or immune response kills them.117,118 For the 
metastatic cells that do survive, the liver is a common site for proliferation given its major role in 
metabolism and therefore interaction with circulating bio-fluids. Once the circulating tumor cells 
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reach the liver, they attach to the basement membrane and form micro-metastases (Figure 
1-12). These small areas of cells are often clinically silent and in many cases, die out before 
growth into debilitating tumors. Indeed, survival in the external environment is rare.  
 
Figure 1-12. Process of hepatic invasion by colorectal cancer cells. Schematic explaining 
the steps initial cancerous development to attachment in the liver. From reference.116 
In the cases where larger macro-metastases are formed, CRCLM slow moves from the liver 
sinuses to the normal liver tissue, eventually affecting function. Lipid analysis has clarified some 
biology of the CRC process.119  
1.3.1.2 Colorectal cancer liver metastasis diagnosis, treatment and monitoring 
CRCLM is usually detected after the initial CRC has been detected, and CRCLM is said to be 
synchronous or asynchronous if has occurred with the detection of the CRC or after the 
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detection of the CRC. Because CRCLM can occur even after clinical silence of CRC, monitoring 
and follow up is important. Typically, CT scans of the liver are performed and tumor nodules are 
counted and sized. From here, there is the option of chemotherapy or surgical intervention. Pre-
surgical assessment of the tumor is very important and a small biopsy may be taken and 
examined by a pathologist after staining. In the case of surgery, large sections of the liver are 
removed (up to 60%) and all nodules and surgical tumor margins considered. IMS can 
complement a surgical biopsy but in general, the biopsy is small and it may be difficult to reliably 
assess with IMS alone. However, when large amounts of liver are excised, tumor lesions can be 
banked and explored by IMS with the aim of developing IMS data to guide biopsy analysis.  
1.4 Large cohort applications of IMS 
Development of IMS technology and demonstration of IMS’s utility has made analysis of ever 
larger cohorts inevitable. Most imaging capable commercial MALDI-TOFs are capable of 2 
pixel/s imaging with next generation commercial MALDI-TOFs capable of 25-50 pixel/s imaging, 
increasing speed by up to 25 times.120 Tissue lipid analysis by MALDI-TOF is thus on the cusp 
of high throughput and/or high imaging resolution analysis of large cohorts. This movement 
stretches all aspects of the imaging process: more data being acquired demands faster, more 
robust instrumentation. More samples being analyzed alongside higher imaging resolution 
necessitate data analysis workflows that rapidly return valuable information. More users being 
integrated into IMS requires data analysis workflows that can be easily examined and 
interpreted by non-experts. Addressing these concerns and in order to standardize the field, 
researchers in IMS are attempting multi-institutional studies to validate findings, a vendor-
neutral data format (imzML) has been developed121,122 along with public IMS databases123, and 
standard reporting guidelines are being proposed.124,125 Although the call for standardization has 
highlighted a weak point in the field of IMS, there does appear to be some consensus on IMS 
data quality as expert survey has demonstrated.126 This thesis’ work has partly addressed the 
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call for standardization with sample handling protocols. The work has also addressed 
accessibility, and strategies for data analysis that easily interpreted.  
1.4.1 Practical considerations: lipid degradation 
Technological and methodological IMS advances apply to studies of cohorts of tissues from 
multiple patients/animals, but also 3D imaging, where many sections are acquired from a single 
tissue. Any IMS experiment needs guidelines in how the samples should be physically handled. 
This is especially important in lipids as they are subject to oxidative degradation.  
 
Figure 1-13. Mechanism and resultant structures of peroxidation along unsaturated FA 
chain. Top left is the initial FA chain with one unsaturation, followed by radicalization and 
hydrogen abstraction to the right. The site of hydrogen extraction is then replaced by peroxide 
which is finally reduced to a variety of positions and structures. From reference127. 
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Lipids containing FAs are subject to peroxidation at unsaturations along the FA chain. This 
oxidation is responsible for the smell of fish and is fought in the food industry through additives. 
The same processes are applicable to the lipids imaged by MALDI as all can contain a FA. The 
oxidation occurs when hydrogens adjacent to FA unsaturations, weakened from the double 
bond, undergo free radicalization and accept atmospheric oxygen along the FA chain. After the 
oxygen is added, oxidation can take many forms (Figure 1-13).128 Importantly in the imaging of 
lipids, oxidized species will diminish the abundance of the naturally occurring lipids, introduce 
oxidized lipids as artifacts, and reduce the validity of any lipid results. Oxidized lipids may also 
have different ionization efficiencies than normal lipids due to the shorter chain lengths which 
generally ionize more efficiently.  
1.4.2 Serial 3D IMS 
Serial 3D IMS is the 3D reconstruction from multiple 2D datasets acquired in regular intervals in 
the x,y and z plane (Figure 1-14). Non serial 3D IMS like 3D SIMS can be used for depth 
profiling of a tissue section or material study: in this case, 3D imaging is done by imaging a 
layer, sputtering a layer of material off, and imaging at the deeper depth and finally 
reconstructing in 3D the data acquired at several depths. 3D SIMS provides high resolution in 
the z plane but is not currently practical for 3D reconstruction of whole tissue samples. Serial 3D 
allows for imaging of whole tissues in a more reasonable time scale (several days of acquisition 
at 2 pixel/s) but entails new challenges in sample preparation and data analysis. The realization 
of serial 3D IMS beyond a research laboratory curiosity depends on simple methods for 
reconstruction and interpretation of 3D IMS data, as well as determining which applications are 
best suited for the technology.  
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Figure 1-14. Principle of going from 2D IMS to serial 3D IMS. 
To date, studies in 3D IMS have been largely technical with limited application in full scale, 
multi-sample studies due to preparation and analysis time. Microbial metabolite interactions in 
3D have been studied129 and biomolecules have been mapped out in normal130 and diseased 
tissues.131-133The challenges have been in many cases logistic. There is only one commercially 
available software for analysis of 3D datasets and most studies in this discipline have required 
embedded bioinformatics expertise. Although many open-source and free software exist for IMS 
data analysis, none feature innate support for 3D IMS datasets. Besides this logistic challenge, 
a secondary challenge is in the interpretation of the data. In this vein, several IMS data analysis 
packages now exist134-136 and their combination with software for microscopy analysis has been 
successful.137,138 In serial 3D MS, the data analysis also includes the alignment of the data in 3D 
coordinate space. In order to keep the alignment true to the original morphology of the tissue, 
fiducial markers can be used for alignment. Use of an in vivo imaging technology is more 
appropriate for determining true morphology of a sample, but the tissue may be damaged in 
extraction from its source and lose its original morphology. Importantly, in vivo imaging common 
in medical practice provides an excellent correlation to serial 3D datasets in the case where 
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previously 3D imaged material is extracted for IMS, or in a mouse model where imaging can be 
performed before sacrifice.139 
1.4.3 MALDI IMS data analysis in large datasets 
Carrying out IMS studies of sections from multiple tissues requires validated workflows and 
analysis strategies. The datasets themselves are multivariate, and in many cases can be quite 
large in terms of disk space, especially if high mass resolution instruments are used. In 
comparison, computational analysis of histological staining data can be de-convoluted to three 
color channels (red, green, blue) for each pixel, whereas each IMS experiment will have 
thousands of mass channels over potentially thousands of spectra (pixels). To confront this 
challenge, and reduce manual inspection of IMS data, multivariate analysis of IMS data has 
proved useful.140 Signals will likely co-localize and multivariate analysis algorithms are useful for 
finding this underlying structure or patterns to the data. The most well-known and widely-used 
algorithm is principal components analysis (PCA), which reduces the dimensionality of the 
multivariate data through derivation of so-called principal components individually describing a 
percentage of the data’s total variance. Many similar algorithms exist and are useful.140 
Alongside component analysis, there is clustering analysis, which assigns spectra into groups 
according to the similarity of signals within the spectra. Clustering of the data has been termed 
“segmentation”141 in IMS and many algorithms exist for this purpose.140 They are very useful for 
visualizing the distinct molecular histologies of the dataset (i.e. tissue areas of similar molecular 
profile).142 
Histology and pathology based on stained tissue sections is essential in IMS because it is 
already validated, widely used, and begins with the same sample type. The wealth of knowledge 
available about disease pathology from stained tissue sections is thus easily integrated into IMS 
studies. As such, IMS data analysis workflows almost always leverage histological data in 
interpreting MS chemical data. 
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Figure 1-15. Histology-driven and molecular histology IMS data analysis strategies. Left: 
Histology-driven data analysis where ROIs are either pre-selected or selected for later analysis. 
Right: Molecular histology where unsupervised data analysis defines regions of interest. Figure 
from reference.143 
The two major pathways to analysis in IMS of tissues are histology-driven and molecular 
histology driven. (Figure 1-15) Histology-driven data analysis determines regions of interest 
(ROIs) based on histological annotation of a stained section that has been previously imaged by 
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IMS, or is serial to the imaged section. The spectra underneath the annotated areas are 
collected and analyzed according to the annotation for discriminant species. This method is 
simple and rapid but may ignore the molecular differences that are not visualized in the 
histological staining, and being a supervised analysis, it requires outside expertise. Molecular 
histology driven approaches look at the inherit structure of the data through unsupervised 
multivariate analysis to determine common features across a cohort. At times these correlate 
with the staining data and sometimes they further segregate the samples. Molecular histology 
approaches require more computer power and data analysis expertise, but they give the most 
complete analysis of IMS data. Work in this field has proposed new data analysis algorithms144 
as well as work attempting to predict high-resolution IMS from lower resolution IMS data from 
fusion of staining and IMS data.145 
The complexity of tissue histology creates challenges in data analysis. As an example, analysis 
of tumor samples with reduction into “normal” vs “tumor” is a simplistic model to tease out 
differences within a cohort of samples. However, this approach is ignorant of the diversity of 
tissue compartments in a cancer sample. There will likely be inflammation, fibrosis, and necrotic 
areas in tumor itself, and then the normal areas will have reaction to the tumor at the tumor 
normal interface. These histological distinctions are termed the tumor micro-environment and 
are increasingly studied in IMS analysis.146 A histology driven approach may disregard such 
distinctions, whereas a molecular histology approach is likely to elucidate the tissue 
compartments through molecular features. 
1.5 Research Objectives 
The objective of this thesis was to develop methods to prepare and analyze complex, large lipid 
IMS datasets.  
Often the tissue comes directly from a bio-bank or laboratory where animal models are 
produced. Because of this, collaborators must take special precaution in transferring samples. 
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Thin tissue sections destined for IMS have some unique considerations in this process; 
biomolecules will be imaged off the tissue surface, and the tissue surface is necessarily 
exposed during the transport. Chapter 2 of this thesis works towards characterization of lipid 
degradation markers and sample handling procedures that prevent lipid degradation.  
In chapter 3 we address the need for data analysis strategies in 3D IMS.  Large 3d datasets 
require not only high computing power, but strategies to implement all elements of the data 
without over-simplification. In this aim, we demonstrate an open-source methodology for 3D IMS 
data alignment, visualization and analysis.  
In the case of 2D IMS data of a cohort of tumor samples, a reduction of datasets to two regions 
of normal vs tumor is too reductive to be definitive and excludes enormous amounts of 
information regularly integrated into a pathological analysis like the tumor microenvironment. 
With this in mind, we developed a strategy to analyze a large cohort of CRCLM sample that 
excludes none of the IMS data over a relatively large IMS cohort of 52 samples. We used our 
strategy to identify consistent regions across the sample with strong correlation to a battery of 
classic histological staining. Finally, our strategy extracts the signatures of the major histologies 
and uses these signatures and their presence to automatically classify the samples for clinical 
grading. This work addresses the need for developing independent IMS criteria for evaluation of 
clinical data, but starts from what is already validated through pathology.  
1.5 Contents of this thesis 
The second chapter of this thesis describes work on sample handling to prevent lipid 
degradation. The work describes markers of degradation, and means of preventing degradation.  
The third chapter of this thesis presents our strategies for the analysis of 3D imaging datasets. 
The analysis included a total of 6 datasets from 3 samples, and addresses the challenge of 
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correlating analytical results from two different sample preparations in 3D. Our method of 
analysis was developed and scripts and example data are provided to increase accessibility. 
The fourth chapter is work on developing strategies for the analysis of a large cohort of CRCLM 
samples by lipid IMS. The work is a middle way approach combining molecular histology 
provided by IMS to classical histology given in histological staining. We exploited the high 
correlation of segmentation of lipid data to histological staining to classify the regions of new 
samples and extract clinical information from the classification. 
The fifth chapter of this thesis is the conclusion, highlighting the link between all the proceeding 











Chapter 2: Monitoring time-dependent degradation of phospholipids 
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Imaging Mass Spectrometry (IMS) is useful for visualizing the localization of phospholipids on 
biological tissue surfaces creating great opportunities for IMS in lipidomics investigations. With 
advancements in IMS of lipids there is a demand for large scale tissue studies necessitating 
stable, efficient and well-defined sample handling procedures. Our work within this article shows 
the effects of different storage conditions on the phospholipid composition of sectioned tissues 
from mouse organs. We have taken serial sections from mouse brain, kidney, and liver thaw 
mounted unto ITO coated glass slides and stored them under various conditions later analyzing 
them at fixed time points. A global decrease in phospholipid signal intensity is shown to occur 
and to be a function of time and temperature. Contrary to the global decrease, oxidized 
phospholipid and lysophospholipid species are found to increase within 2 h and 24 h, 
respectively, when kept at ambient room conditions. Imaging experiments reveal degradation 
products increase globally across the tissue. Degradation is shown to be inhibited by cold 
temperatures, with sample integrity maintained up to a week after storage in -80°C freezer 
under N2 atmosphere. Overall, the results demonstrate a timeline of the effects of lipid 
degradation specific to sectioned tissues and provide several lipid species which can serve as 
markers of degradation. Importantly, the timeline demonstrates oxidative sample degradation 
begins appearing within the normal timescale of IMS sample preparation of lipids (i.e. 1-2 h) and 
that long term degradation is global. Taken together, these results strengthen the notion that 
standardized procedures are required for phospholipid IMS of large sample sets, or in studies 
where many serial sections are prepared together but analyzed over time such as in 3D IMS 




Imaging Mass Spectrometry (IMS) by MALDI (MALDI IMS) is an innovative technique allowing 
simultaneous measurement of the abundance and location of multiple molecules within an area 
of fixed dimension 147. MALDI IMS has already been applied to map several classes of 
biomolecules including proteins 148, peptides 149, metabolites 150, and lipids 151 on biological 
tissues. Within these classes of analytes, lipids are of increasing focus. Indeed, the ability of MS 
instruments to detect lipids has become part of the foundation of a new –omics field titled 
“lipidomics” 62. Lipids are a class of molecules that have numerous biological roles including but 
not limited to forming and maintaining function of cell membranes, energy storage, and acting 
as chemical messengers. Many classes of lipids have already been identified by MALDI with the 
majority of IMS experiments centered on the analysis of the phospholipidodome due to its 
abundance on tissue surfaces and ease of ionization 152. MALDI IMS analyses of phospholipids 
have been shown to provide direct correlation to tissue histology and measurement of localized 
molecular abundance with spatial resolutions down to 10 µm 153. Highly reproducible and rapid 
matrix deposition by sublimation 85 and the option of dual negative/positive ionization acquisition 
over a single tissue section are other recent developments contributing to the analytical value of 
the phospholipid MALDI IMS experiment 89. Alongside the advances in sample preparation 
mentioned above for lipid imaging, improvement in MALDI instrumentation has reduced sample 
acquisition time increasing the feasibility of larger scale studies 41,154,155. Thanks to these front-
end advancements, MALDI IMS of lipids allows exploration of diverse subjects such as mouse 
brain injury 156,157,cardiovascular disease 158, polycystic kidney disease 159, and human skin lipids 
160. 
With large scale IMS studies of either many serial sections of a single tissue or sections coming 
from cohorts of different tissues, minimization of variation at key controllable points like matrix 
deposition, and instrument operational parameters needs to be routine to assure high quality 
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data. Despite these controls and data normalization approaches to ensure high quality display 
of data 161,162, there is to date little work concerning degradation and the lifetime of sectioned 
and mounted tissues over time. Already, protein degradation of sectioned and mounted tissues 
due to sample handling has been reported 163 and is mentioned frequently in method sections of 
IMS articles. Additionally, Richard Goodwin et al. have shown changes of several peptide 
biomarkers’ abundances and localizations occur within minutes after sectioning unless proper 
care is taken 164. For lipids, fatty acids being subject to time dependent heat degradation has 
been mentioned for analysis of latent fingermarks by MALDI IMS 165. To our knowledge, very 
little data has been published with a view of global degradation of tissue sections in MALDI IMS 
experiments although the issue was recently highlighted in a review of sample preparation for 
MALDI IMS 166. Sectioned tissues containing many preserved cellular components may have 
different and possibly unexpected molecular evolutions over time compared to cellular 
extractions such as the ones commonly used in lipidomics analysis by chromatography linked 
MS techniques. It is then of interest to define post-sectioning sample handling protocols that will 
give more accurate and reproducible lipid IMS results. This study therefore examines the time 
dependent changes of phospholipid composition on sectioned tissues by both positive and 
negative ionization modes.  
In the aim stated previously, we have used mouse model organs including brain, kidney and 
liver to evaluate post sectioning changes of phospholipid composition and abundance over time 
under various storage conditions. Globally, our data have shown native lipid signals to decrease 
after only days if kept at ambient room conditions. Additionally the data presents phospholipid 
signals that increase in abundance shortly after sectioning, providing time-sensitive markers of 
degradation. Factors that affect these signal changes have equally been examined and sample 




2.3.1 Chemicals and Reagents 
1,5-diaminonapthalene(DAN) matrix was purchased from Sigma-Aldrich (St. Louis, MO, USA).  
2.3.2 Tissue sampling, sectioning and storage 
Mice (15 days) were euthanized by CO2 asphyxiation. After sacrifice, harvested organs were 
flash frozen by deposition on finely powdered dry ice in order to preserve the native tissue 
morphology. All animal studies were approved by the local Ethical Committee of the University 
of Montreal. 
Mouse brain, kidney and liver tissues were sectioned for profiling and IMS analysis at 12 μm 
thickness and -15°C using a Leica CM3050 cryostat (Leica Microsystems GmbH, Wetzlar, 
Germany) and thaw-mounted on ITO coated glass slides (Delta Technologies, LTD, Loveland, 
CO, USA) according to previously published protocols 167. Prior to sectioning, tissues were 
stored at -80°C. At the time of sectioning, tissues were removed from the -80°C and placed in 
the cryostat for 30 min at -20°C before sectioning. Immediately after mounting the sections, the 
slides were desiccated for 30 minutes. In all experimental conditions used, there were three 
technical replicates originating from serial sections. Following desiccation, slides were placed in 
their experimental storage conditions. In the case of 0-day samples, matrix was deposited and 
the samples analyzed the same day as sectioning. The effects of the following two conditions 
were examined: storage temperature and time of matrix deposition. Temperature was controlled 
at room temperature (~20°C), and deep freezer (-80°C). Tissues kept in freezing conditions 
were placed under N2 gas in small plastic bags in order to avoid condensation on the tissue 
surface that may occur when removing the slices from cold storage.  
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2.3.3 MALDI matrix deposition 
For IMS measurements, sublimation of DAN matrix was performed using a cold finger approach 
previously described 89. Optimizations were performed by weighing the amount of matrix 
deposited on the slide, and correlating the subsequent results to the amount of matrix 
deposited. 
2.3.4 MALDI mass spectrometry 
Profiling and IMS of tissue sections were performed on a Bruker Daltoniks UltrafleXtreme 
MALDI-TOF/TOF mass spectrometer equipped with SmartBeam-II Nd:YAG/355 nm laser 
operating at a repetition rate of 1 KHz. Profiling and imaging data acquisitions were performed 
in reflectron geometry under optimized delayed extraction conditions, in a mass range of 480 to 
1000 Da for positive, and 600 to 1800 Da for negative ionization modes, respectively. 
Instrumental parameters (delayed extraction parameters, laser fluence, detector gain) were set 
to obtain the best signal to noise ratio and remained constant throughout. For IMS data 
acquisitions, 100 shots were summed per array position with a spatial resolution of 125 µm. For 
imaging of mouse brain in all experiments, the positive and negative acquisitions were split 
along each brain section's horizontal bi-lateral symmetry with the left half used for positive, and 
the right for negative. A laser raster offset of 60 µm in both x- and y-axis was used for sequential 
positive and negative imaging of mouse kidney and liver as described by Thomas et al 89. 
2.3.5 Data analysis 
Data analysis was performed with MALDIquant 134, R, and FlexImaging 3.0. MALDIquant was 
used to perform peak picking with known matrix peaks manually removed from the generated 
peak lists. All data are compared relative to the corresponding 0-day data using the ratio of peak 
intensities and finally averaging all of the ratios to give a single value delineating global changes 
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in signal. Replicate samples were averaged to account for measurement error. Additional data 
analysis was performed in R.  
For display, imaging data was loaded using FlexImaging 3.0 and a list of masses corresponding 
to peaks was created. The masses' intensities within the list were all scaled to the absolute 
intensity of the 0-day analysis, and the list was loaded into each individual imaging experiment. 
Gray scale ion images were then exported in .tiff format and manually realigned in ImageJ for 
easier comparison of the ion images between experiments. 
2.3 Results and Discussion 
We have developed a study of time-dependent changes of lipids by IMS with the goal of 
assessing the factors producing changes in signal and concurrently finding sample handling 
procedures minimizing such changes. This can be achieved by imaging serial sections held 
under different conditions for varying lengths of time. Ideally, changes in the native lipid 
composition due to major changes in tissue histology between serial sections should be smaller 
than those due to degradation. 
2.3.1 Global decrease in lipid signal over time at room temperature 
To determine the extent of degradation occurring on sectioned tissues, a mouse brain model 
was initially used. A set of signals from 0-day IMS experiments (sections analyzed as soon as 
possible after desiccation and matrix deposition) were compared to sections analyzed after 
multiple days at room temperature (20°C) and humidity with matrix being deposited the day of 
analysis. For all time points, 3 serial sections were analyzed. Peak picking using a signal-to-
noise ratio of 3.0 was performed on the IMS datasets in positive and negative ionization mode 
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in many signals becoming indistinguishable from spectral noise. The total signal abundance was 
significantly lowered (* = p < 0.05, ** = p < 0.01) in both positive and negative ionization mode at 
the 3 and 7 day time points with p< 0.05 using a student’s t-test. For negative analysis, the t-test 
resulted in p < 0.05 after only 2 days of storage and p < 0.01 after 7 days. Figure 2-1.A(ii) and 
B(ii) shows ion images scaled to the zero day intensity for representative phospholipids of each 
ionization mode. The ion images show that degradation seems to occur at different rates within 
the different histologies found in the sections. Both positive and negative mode show similar 
degradation, suggesting the phospholipid head group does not play a role in degradation. 
Representative ion images from mouse kidney and liver sections acquired under the same 
experimental conditions are shown in Chapter 2 Supplemental Figure 1, supporting the idea 
that such global degradation occurs independently of tissue type. These results indicate the 
sensitivity of sectioned tissues to their ambient conditions and the need for proper storage if 
samples are to be analyzed on different days. Particularly, lipids analyzed in negative mode are 
sensitive to degradation with results indicating almost a complete loss of analyzable 
phospholipid content after 7 days of room temperature storage. 
2.3.2 Products of Degradation 
As mentioned previously, tissues kept at ambient room conditions show significant decrease in 
global signal intensity at 3 days. However, certain signals were found to increase in intensity 
over time in the positive and negative mode contrary to global decreases. These signals can be 
separated into two groups based on lipid class and their respective rates of degradation: 
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signal intensity reached 60x for the highest intensity signal at m/z +650.4 (Figure 2-2-A-OxPC 
(i), ion image displayed at Figure 2-2-B (i)). The fold changes of the OxPCs at m/z +650.4, 
+666.4, +678.4 and +694.4 are displayed in Figure 2-2-A-OxPCs (i-iv), respectively. The series 
are also related in intensity, the two peaks displayed in Figure 2-2-A-OxPCs (i& iii) show 
correlated increases in intensity. A similar correlation is observed between the peaks shown in 
Figure 2-2-A-OxPCs (ii & iv). The OxPCs also show a decrease after 2 days, possibly indicating 
their temporary nature. These signals formed two series of peaks where the individual members 
of each series are separated by 28 Da indicating a difference in the number of 2 saturated 
carbons on one of the lipid’s fatty acid chains (Figure 2-2-C). OxPC signals were found to 
increase in kidney and liver as well (Chapter 2 Supplemental Figure 2). MALDI-TOF/TOF 
tandem MS analysis of fragmentation of the OxPC positive ions indicates a phosphotidylcholine 
head group but does not provide information about position of oxidation or chain length of the 
fatty acid (data not shown), however, a broad collection of studies on OxPCs strongly suggests 
the same series of masses as oxidation species when analyzed by ESI 168,169 or MALDI 127,170,171. 
Additionally, the highly abundant positive species PC(34:0) at m/z 734.5 exhibited less decrease 
relative to the global average (Chapter 2 Supplemental Figure 3), possibly due to species' lack 
of an unsaturation. A similar resistance to loss is observed in the kidney and liver ion images in 
saturated phospholipids (Chapter 2 Supplemental Figure 1). Fragmentation spectra from 
negative ionization supports further the evidence of the OxPL group: with two signals, one at 
m/z -650.4 and another at m/z -664.4 representing the OxPL group (Supplemental Figure 4). 
The second signal at m/z -664.4 is particularly interesting as this same signal is detected in 
positive ionization (m/z +666.4, Figure 2-2-A-OxPC(ii)). The oxidized species found in negative 
mode were more useful as their MS/MS fragmentation patterns show that m/z -650.4 and m/z -
664.4 are separated by the addition of an oxygen on the oxidized fatty acid chain. Chapter 2 
Supplemental Figure 4 shows the proposed structures and the pertinent fragmentations in 
negative mode of these two species. 
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The second group of degradation related signals, composed of 4 lyso-phophotidylcholines 
(LPCs) in positive mode using a mouse brain model, showed an increase of intensity in IMS 
data after a day at ambient conditions and continued to increase thereafter over the 2-day 
period measured (shown in Figure 2-2-B-LPCs (i-iv)). LPCs were identified using MS/MS and 
the Lipid MAPS database (Chapter 2 Supplemental Figure 5). Interestingly, LPCs do not show 
a decrease in signal after two days like OxPCs, but continue to increase. 
These results present markers of degradation which can be seen to increase and plateau in a 
group wise manner despite global decreases over time. The OxPC group is of particular interest 
because its ability to diagnose sample degradation in both positive and negative ionization 
mode and its relative rapid increase in abundance after 1 hour. 1-2 h are typical time scales for 
IMS sample preparation and this result shows that even minor negligence can create unreliable 
results in lipid analysis. Due to their extremely low native abundance 172, a phenomenon we 
have observed in all tissues analyzed to date in our laboratory, any increase in this group of 
signals can indicate non-native changes have occurred in the model tissues. Extreme caution 
must be exercised if researchers wish to image native OxPLs as non-native increases in 
abundance can occur after only 1 hour of exposure in ambient conditions. Given the two OxPC 
series of peaks rise and fall in intensity together in positive ionization mode, it is possible to use 
the most intense signal of the two series, m/z +650.44 (Figure 2-2-A (i)), alone as an indicator 
of sample mishandling and degradation. LPLs require caution due to their native abundance in 
many organs, and their potential use as biomarkers 173. Researcher should also be careful in 
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Interestingly, this preparation and storage condition showed an increase in the abundance of 
LPC species after 3 days, but not in OxPC species (Figure 2-4). Considering this result along 
with the different rates of increase for the two degradation product groups mentioned in the 
previous section, it is possible that the mechanism producing these degradations is different. It 
is also possible that the DAN matrix acts as an anti-oxidant at the surface preventing 
phospholipid oxidation. The use of the hydroxyflavone class of anti-oxidants as a MALDI matrix 
was recently explored for lipid IMS analysis and was also noted as having the potential to 
prevent oxidative sample degradation 175. Degradation of proteins can be in large part be 
prevented at the point of tissue procurement using the Denator system described by Goodwin et 
al 176. Such a system may also prevent lipid hydrolysis of phospholipids to lysophospholipids by 
denaturing the enzymes responsible. This may allow researchers to be confident that observed 
differences in LPL signals are biologically relevant rather than sample handling artifacts. 
2.4 Conclusions 
We have used mouse tissue as models to highlight the role of storage conditions on the type 
and speed of phospholipid degradation after tissues have been cryo-sectioned and thin slices 
thaw mounted for MALDI IMS analysis. Our results show that temperature and atmosphere are 
the primary influence on phospholipid degradation. In the process of examining degradation we 
have found two groups of species, OxPLs and LPLs that can serve as markers of section or 
sample degradation. Additionally, we have demonstrated -80°C freezing of samples under N2 as 
an effective means of sample preservation for up to at least a week. The demonstration that 
LPCs increase at room temperature storage even when there is matrix on the sample is also an 
important result for researchers who consider a tissue section finalized when the matrix has 
been applied. We further recommend applying matrix the day of sectioning before freezer 
storage as our results have shown that DAN matrix seems to prevent oxidation of phospholipids 
on tissues stored at room temperature. These results emphasize some current realities of 
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MALDI IMS and the need to fundamentally understand the behavior of cut sections to be used 
in biological IMS analysis. This is to say that sectioned tissues with many cellular components 
fully intact will have different and possibly unexpected molecular evolutions over time compared 
to cells, plasma extracts, or other biological samples that require extraction. This important 
difference between isolated cellular components in solution and intact components exposed as 
thin tissue sections necessitates the exploration of molecular degradation to ensure quality 
science is being performed. In this regard, relying on degradation behaviors observed for other 
types of lipid or protein analysis is not satisfactory in a scientific context. These expectations of 
sample integrity can be further pressed if IMS is performed on a (large) cohort of clinical 
samples, or if a study is performed on a single sample using many sections such as a 3D 
reconstruction. Our findings could also be of use in the field of food science as lipid degradation 
is known to produce unpleasant odors and tastes 177. Future work could focus on long term cold 
storage to compliment the short term data presented here. 
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3D matrix assisted laser desorption/Ionization imaging mass spectrometry (MALDI IMS) is a 
growing branch of IMS still requiring developments in methodology and technology to make the 
technique routinely accessible. Many challenges are simply a matter of producing 3D 
reconstructions and interpreting them in a timely fashion. In this aim and using analysis of lipids 
from atherosclerotic plaques from a human carotid and mouse aortic sinuses, we describe 3D 
reconstruction methods using open-source software that provides high quality visualization and 
rapid interpretation through multivariate segmentation of the 3D IMS data. Multiple datasets 
were generated for each sample and we provide insight into simple means to correlate the 
separate datasets.  
 
56 
3.2 Statement of importance 
Atherosclerosis is a 3 dimensional biological phenomenon and in its study 3D imaging mass 
spectrometry (IMS) is an ideal approach to describe the development of the disease. This article 
demonstrates methods to analyse complex 3D IMS datasets with open-source software using 
mouse and human atherosclerosis samples. Additionally, we used several different IMS 
approaches, created multiple datasets per sample and describe methods to best correlate 
separated datasets in 3D. Finally, we demonstrate the strength of 3D IMS on a clinical human 
atherosclerosis plaque sampled in a carotid and outline the potential of the approach to further 




Imaging mass spectrometry (IMS) has become a useful tool for tissue analysis.29 IMS achieves 
imaging using the point-and-fire surface analysis technology of MALDI (Matrix Assisted Laser 
Desorption/Ionization), SIMS (Secondary Ion Mass Spectrometry) and other imaging compatible 
MS sources by acquiring spectra in regular arrays of fixed dimension.178 Once spectra are 
acquired, maps of ion distribution can be plotted providing label-free, untargeted in-situ 
molecular detection. Integration of IMS of thin tissue sections into biomedical research has 
created opportunities in biomarker discovery, medical diagnostics, prognostics, and 
fundamental biological studies.179 
3D-MALDI IMS is among the most promising applications of IMS technology.180 3D-MALDI IMS 
aligns serial 2D-MALDI IMS acquisitions from a single sample into a 3D volume.137,181 Imaging 
of molecules throughout a whole tissue sample by reconstruction of consecutive 2D images can 
provide accurate localization on a truly anatomical scale; however, it entails challenges.182 
Among the challenges is serially sectioning the whole tissue with minimal error. The task is 
laborious and requires exceptionally careful manipulations. Formalin fixation paraffin embedding 
or use of other embedding media aids in sectioning but many fixation procedures remove small 
molecules, effectively eliminating some analytes from consideration.56  
Alongside sample preparation, 3D data processing and analysis figure as important 
challenges.183 The third dimension of 3D imaging data sets multiplies the complexity of 2D IMS 
data analysis, which is already complex due to its multivariate nature and large data size.143 
Currently, only one commercially available software exists capable of 3D reconstruction of IMS 
data (SCiLS GmbH, Germany).184 However, researchers have repurposed many open source 
data analysis and 3D imaging softwares for 3D IMS with success.182 
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The fidelity of the 3D IMS reconstructions from serial sections is critical. In 3D reconstruction 
using cross-sections without outside morphological information, a curved object may be 
represented as straight due to unknown curvature during section alignment, dubbed the 
“banana” problem..185 Consequently, morphologically accurate 3D reconstructions of 2D data 
will benefit immensely from correlation to other 3D imaging modalities. In vivo imaging provides 
the actual morphology of the imaged sample, and correlation to or, at best, registration of the 
IMS reconstruction data to the in vivo data generates the most accurate volumes. 3D IMS data 
has been demonstrated to correlate with in vivo and ex vivo MRI scans of whole tissues.56,186 
Given the increasing number of medical imaging platforms, one can expect a growing number of 
correlations between 3D IMS and other imaging techniques to give new insight into the 
molecular organization of tissues, organs and organisms.  
3D IMS has thus far been implemented only in few in-depth biological studies due to the tedious 
sample preparation and extended imaging acquisition time required to generate a complete 
dataset.133 However, acquisition time considerations may soon change in the case of 3D-MALDI 
IMS as high acquisition speed instrumentation becomes more widely available.120,187 High-speed 
instrumentation will allow acquisition of a 3D-MALDI IMS dataset in a matter of hours or days 
rather than weeks and is expected to have a major impact on the advancement of the field, 
inspiring new applications. Alongside high speed IMS data acquisition, new sample types 
including 3D spheres of cultured cells or bacterial cultures will increase interest in 3D IMS.188,189 
Cardiovascular disease (CVD) is the leading cause of death worldwide.190,191 Atherosclerosis, a 
process that contributes significantly to CVD sequelae, is a chronic inflammatory condition, 
which results in the build-up of lipids, cells, and debris in the arterial wall, ultimately leading to 
plaque development and blockage of the arterial lumen.192 It has severe clinical outcomes, 
which depend on the location of involvement; manifestations include angina or myocardial 
infarctions with coronary artery involvement, stroke with carotid or intra-cranial artery 
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involvement, peripheral arterial disease with arm or leg arterial involvement, and aneurysms in 
the aorta or other major vessels.193 The tissue composition of plaques can reflect and contribute 
to the severity of disease and likelihood of further developing and causing symptoms, i.e. in 
cases of unstable plaques.193 Therefore, applying advanced tissue characterization techniques 
can help unravel the biology of atherosclerosis. Indeed, IMS has been applied to atherosclerosis 
using SIMS imaging 194-197 and MALDI IMS.198-200 A 3D reconstruction was performed using 
SIMS on a mouse heart.130 Clinical studies of atherosclerotic plaques are possible because the 
tissue is often small enough that it can be 3D imaged in its entirety, and current medical practice 
allowing the surgical removal of the whole plaque from the arterial wall. 
With IMS and 3D IMS of atherosclerosis on the cusp of major research development, we 
propose methods to effectively perform 3D IMS of lipids in atherosclerotic plaques. We report 
the use of open source software for the generation of 3D IMS reconstructions of atherosclerotic 
plaques from both mouse model animals and human clinical samples. We describe an effective 
strategy for generation of 3D reconstructions and rapid interpretation of the complex datasets. 
We identify the major areas of the imaged plaques through probabilistic clustering of the entire 
data set and highlight the 3D features by their component lipid signals. The methods described 
within this article highlight the potential of 3D IMS in describing atherosclerotic plaque 
development and progression as well as the viability and exciting possibilities of the technique in 
the study of human carotid clinical samples.  
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3.4 Materials and Methods 
3.4.1 Tissue procuration 
Two Apolipoprotein E-deficient (ApoE-/-) male mice with 10 weeks of high cholesterol diet 
(1.25% cholesterol) were used in this study.  For tissue harvest, mice were anaesthetized with 
ketamine-xylazine and after a cardiac puncture, hearts were rinsed with NaCl 0.9% and rapidly excised. 
All animal studies have been approved by the Swiss Federal Veterinarian Office and conform to 
the Guide for the Care and Use of Laboratory Animals published by the US National Institutes of 
Health. 
One human carotid atherosclerotic specimen was obtained from a patient who underwent 
elective carotid endarterectomy for surgical removal of the carotid plaque at the Royal Victoria 
Hospital in Montreal, Canada. The whole specimen was acquired immediately after removal 
from the patient and rinsed several times in 4 °C phosphate buffered saline (PBS). It was placed 
in -40°C isopropyl alcohol to freeze, and then stored at -80°C until cryosectioning. The patient 
from whom the specimen was obtained was enrolled in an ongoing study at the McGill 
University Health Centre. Ethics approval has been granted from McGill University’s Faculty of 
Medicine Institutional Review Board (A12-M145-09B), and the patient provided written informed 
consent. 
3.4.2 Tissue preparation and cryosectionning of mouse hearts 
The mouse hearts were received embedded in OCT. One heart was used for DAN analysis and 
another for silver-assisted LDI analysis. The entirety of the heart was sectioned from the bottom 
to the top of the heart (towards the aorta) at 10 µm. Prior to the aortic sinuses, 10 µm sections 
were kept at 40 µm intervals for OilRedO (ORO) staining. Once sectioning reached the aortic 
sinuses, three serial sections were taken for 1,5-diaminonapthalene (DAN) positive ionization 
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mode, DAN negative ionization mode and histological staining, or for silver assisted LDI and 
histological staining. 31 sections were acquired for positive and negative DAN MALDI IMS 
analysis, while silver assisted LDI IMS was performed on 64 sections. More details are available 
in the supplemental methods. 
3.4.4 Tissue preparation and cryosectioning of human carotid 
Fresh frozen carotid tissue was first embedded in OCT by placing a small amount of room-
temperature OCT in a cubic container and then placing the frozen tissue in the OCT, and 
freezing the OCT at -20°C within the cryostat. In order to prevent cutting the tissue at an angle, 
attention was taken during the freezing of the OCT to maintain the tissue at a right angle to the 
bottom of the container. Once embedded, sections were cut at 10 µm in thickness with 100 µm 
between sections designated for IMS and were thaw-mounted onto slides for IMS. The tissue 
was cut in the direction of blood flow. Two sections were taken for IMS, 1 thaw-mounted onto an 
ITO slide for IMS using POS/NEG 1-5-diaminonapthalene (DAN) and 1 thaw-mounted onto a 
silver coated slide for silver assisted LDI. For DAN analysis, 133 sections were analyzed by 
MALDI IMS in positive and negative ionization modes, while silver-assisted LDI IMS was 
performed on 130 sections. More details are available in the supplemental methods. 
3.4.5 1,5-DAN sublimation and silver deposition 
The methods for DAN matrix sublimation 90 and silver sputtering 201 were followed as described 
elsewhere. Briefly, DAN was sublimated onto the sections after a 30 min desiccation of the 
slides at atmospheric pressure. The sublimation system was optimized for a coating of 0.1 mg 
per cm2. A silver sputtering system was used for depositing a ~40 nm homogenous layer of 
atomic silver onto the sections designated for silver assisted LDI IMS.  
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3.4.6. MALDI IMS parameters 
2D-TOF IMS of the mouse aortic sinuses sections was carried out with a spatial resolution of 40 
µm using DAN and 30 µm using silver assisted LDI in reflectron mode using a Bruker Daltonics 
UltraFlextreme MALDI-TOF/TOF instrument. IMS of the human atherosclerotic plaque sample 
was acquired with a spatial resolution of 100 µm resolution in all imaging methods using the 
same instrument. The ion accelerating voltages, delayed extraction time, and laser fluence were 
optimized for the best S/N ratio in each acquisition method with only slight adjustments between 
sample plates made to laser fluence. The instrument’s SmartBeam II laser was operated in 
“small” mode creating ablation sizes of approximately 30 µm with the given laser energy. For the 
human sample, DAN imaging was first performed in positive ionization mode at 100 µm, then 
offset by 50 µm in the x- and y- axis to acquire data in negative ionization mode. 90 
3.4.7. Histological Staining 
The human carotid was stained with H&E after IMS acquisition. Mouse heart sections were 
stained by OilRedO (ORO), with serial sections stained at the aorta level. Stained slides were 
scanned at 20x magnification (0.454 µm pixel resolution).  
3.4.8 Processing IMS data, statistical analysis, and imaging output 
IMS data was first exported into the common imzML format using FlexImaging 4.1 (Bruker 
Daltonics,122 then preprocessed and analyzed in R using Cardinal.202 Pre-processing was limited 
to TIC normalization, and followed by peak picking of the spectra using a S/N threshold of 3, 
with a minimum appearance threshold of 5% for each peak in all spectra. In the carotid data, 
positive and negative datasets acquired through x-y position offset were merged into a single 
dataset. Lipids were identified by searching the mass in LIPIDMAPS database.203 The reduced 
features were coerced into a data matrix containing the imaging depth, pixel coordinate and 
retained m/z values and their intensities for each pixel. Statistical analyses were performed in R, 
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using base R and Cardinal. Ion images of each retained m/z and statistical analysis outputs 
were exported as greyscale 8-bit tiff images organized by depth using a custom R script.  
3.4.9 3D reconstruction of IMS data 
Stained serial sections or imaged and stained sections were scanned and automated rigid body 
registration was performed with the StackReg plugin in ImageJ.204 Fiji’s TrakEm2 plugin was 
used to align the noise-excluded mask of the IMS area (detailed in results and discussion) to the 
computationally aligned histological staining.205 These transformations were saved and applied 
to all ion images by parsing the TrakEm2 XML file into R and extracting the transformation 
matrix. Using R package EBImage 206, the transformations for each section were applied to 
every image previously exported.  
 
3.5 Results and Discussion 
The results presented herein concern atherosclerotic plaques found within a mouse heart aortic 
sinuses and a human carotid artery. In-depth discussion and details on the 3D reconstruction 
can be found in the Chapter 3: Supplemental Methods Figure 1along with a tutorial and 
accompanying R code. 
3.5.1 3D IMS of atherosclerotic plaque in mouse heart aortic sinuses  
3.5.1.1 Localized phospholipid accumulation revealed by segmentation and 
correlation of separate positive and negative ionization datasets 
Initial experiments were carried out using a mouse model of atherosclerosis where the plaque 
was induced by knockout of the ApoE gene and a high cholesterol diet. Segmentation was used 
to explore the molecular histology of the plaque across multiple IMS modalities (silver-assisted 
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LDI, DAN positive and negative ionization mode imaging). Multivariate clustering or 
segmentation of the IMS data are a powerful aid in determining molecular histology as well as 
identifying non-relevant regions, dominated by matrix clusters or embedding polymer peaks. 
Spatially aware shrunken centroids is a segmentation algorithm featured in the Cardinal R 
package that clusters IMS data, while accounting for the image’s coordinate space and also 
estimates the probability of each coordinate belonging to each cluster. The probabilities are 
helpful with imaging pixels, which lie on the border of two distinct molecular histologies.  
 
Figure 3-1. Mouse heart aortic sinus reconstruction using positive ion mode IMS data. A: 
Spatially aware shrunken centroids clustering segmentation (k=4) image from 3D at the middle 
point of the plaque. B: Corresponding ORO staining of the plaque area. C: Ion images of the top 
two markers as defined by the t-statistics of the clustering, in blue, LPC(16:0), m/z 496.3 and in 
red, 804.55, PC(16:0/20:4). D: T-statistics of the clustering analysis indicating correlation 
(positive values), or inverse correlation (negative values) for the red and blue clusters.  
The DAN 3D reconstructions were done using 31 sections for a total length of 0.124 cm. 
Supplemental video 1 shows the mouse aortic sinuses data from the DAN analysis in positive 
ionization mode reconstructed in 3D, with Figure 3-1 A-B along with the corresponding ORO 
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staining for a section chosen from the middle of the plaque. Within this data set, the entire tissue 
section was not imaged as it was primarily adjacent heart tissue and the plaque was the target 
of the experiment. Because the plaque area is obscured after matrix deposition, it was 
necessary to make a general selection of the region, including some heart tissue and the interior 
of the aortic sinuses.  
Chapter 3: Supplemental Figure 1 contains the segmentation data for aortic sinuses in 
positive and negative mode. Supplemental videos 1 and 2 contain a rotation of the 3D 
reconstruction of the plaque from positive and negative ionization mode analyses. The color-
coding for the k=3 segmentation in Figure 3-1-A and Supplemental Figure 1 was chosen to best 
represent the regional correlations between positive and negative mode observed after 
registration to the ORO staining. Three segmentations were sufficient in describing the plaque 
area; clustering groupings did not reveal distinct molecular regions, but rather areas of similar 
molecular composition but with only moderate intensity differences. In Figure 3-1-A-B, three 
regions of the artery from positive mode data are displayed, the largest plaque region being 
colored in blue, an interior region colored in red, and an outer region in green. In this case, the 
segmentation colored in red was often found along the inner wall of the aortic sinuses and 
associated with a deep red ORO coloration (Chapter 3: Supplemental Figure 1, sample 10), 
while the other less deeply ORO stained areas are colored by blue and green. The loadings of 
segmentation for the red and blue are shown in Figure 1E, where a positive value indicates 
association and negative values inverse correlation. The positive mode indicated that the bulk of 
the plaque, highlighted in blue is associated with the lyso-phosphatidylcholines (LPCs). LPCs’ 
numerous roles in atherosclerosis have been studied and are beyond the scope of this article.207 
They are the primary lipid component of oxidized low-density lipoprotein, a precursor to 
macrophage and foam cells contributing to proliferating inflammation in plaques.208 The plaque 
interior wall was indicated by several PC species, with the top species being PC(16:0/20:4) at 
66 
m/z 804.5 and PC(18:0/20:4) at m/z 832.5, previously identified to be related to smooth muscle 
cells (SMCs) in both human and mouse atherosclerosis samples.198 Figure 3-1-D visualizes 
LPC(16:0) and PC(16:0/20:4) from a single section, confirming the species localization. The 
SMC associated PC was more highly-correlated with the strongly ORO staining region of the 
plaque, rather than in the area of abundant LPC, where a “lipid-core” is typically found and one 
would expect to find strong ORO staining. This may indicate an early-stage plaque where lipids 
from inflammatory cell invasion are accumulating and disrupting the intima (inner-region) for 
deposition in such a lipid core. 
3.5.1.2 Silver-assisted LDI IMS detects differential localization of free fatty acids, 
cholesterol / cholesterol esters, and triglycerides  
Silver-assisted LDI is an IMS technique that generates silver adducted ions of free fatty acids, 
cholesterol, cholesterol esters and triglycerides. The 3D reconstruction was done using 31 
sections for a total length of 0.093 cm. Like the data from DAN, segmentation of the silver-
assisted LDI data revealed signals associated with different areas of the plaque (Chapter 3: 
Supplemental Figure 2). Within the strongly stained ORO regions, free fatty acids (FFAs) 
arachidonic acid, oleic acid, and docosahexaenoic acid were abundant (Red segmentation, 
Supplemental Figures 2 & 3). These FFAs all contain 1 or multiple unsaturations on the fatty 
acids (FA) chain and this is thought to be the point of silver chelation and ionization as saturated 
chains are only marginally detected. The blue segmentation in Chapter 3: Supplemental 
Figure 2 shows the rest of the plaque area where these FFAs were also present, but to a lesser 
degree. The blue segmentation is multivariately distinct, but lacks individual highly expressed 
species. ORO stained plaque area’s signal was homogenous and the FFAs showed localization 
as a group rather than distinct localization by species.  
The plaque contains distinct regions of high cholesterol signal abundance that are not co-
localized with the free fatty acids. Examination of the cholesterol containing segmentation’s t-
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statistics (Supplemental Figure 3, green segmentation) revealed the presence of C18:1, C20:4, 
and C22:6 cholesterol esters (CEs) adducted by silver alongside silver-adducted cholesterol.  
 
Figure 3-2. Cholesteryl esters in mouse heart aortic sinuses detected by silver-assisted 
LDI IMS. Representative spectrum on top shows the change in mass between silver adducted 
cholesterol and cholesteryl esters (CE), with a zoom of the CE region. Below are ion images 
from one of the 3D sections showing the co-localization of cholesterol and CEs. 
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Figure 3-2 shows annotated representative spectrum from the cholesterol rich region alongside 
ion images of the CEs detected. The ion images show the co-localization of the CEs and 
cholesterol, with CE (22:6) showing some polymer artifacts due to its low abundance and a 
coinciding polymer ion at m/z 803.5. Silver ionization generates Ag107 and Ag109 adducted 
ions separated 2.003 Da, leading to signal convolution of lipids where FAs may contain 0 to 6 
unsaturations (two hydrogens: 2.015 Da). Such an effect is visible for the detected CEs in 
Figure 3-2, CE(20:4) at 779.495 which is next to a species at 781.493. If CE(20:4) was isolated, 
one would expect that the isotope ratio of the species would follow the Ag107 to Ag109 isotope 
ratio of ~100/92%, however, this set of peaks also likely contains CE(20:3), detected at m/z 
781.5. With high mass resolving power this problem can be mitigated. The detected CEs 
contained fatty acid chains also found as FFAs by IMS and may not indicate all of the esters 
that are co-localized in the plaque as the CEs with saturated FAs may be poorly ionized by 
silver assisted LDI. Indeed, we do not detect CEs with C16:0, but they are presumed to exist 
and have been detected elsewhere.196 Regardless, CEs are important blood markers of heart 
disease, and their presence gives clues to the biology underlying the plaque’s formation and 
thus may be more promising than the ubiquitous cholesterol as an IMS marker. ToF-SIMS 
imaging identified the ratio of CE(16:0) to CE(18:1) to be an important dynamic in 
atherosclerotic progression.196 Our results contain several co-localized CE species, but 
CE(16:0) is not detected for comparison. 
Finally, the aortic valve cusps were detected by the presence of sodiated adducts of 
triglycerides (TAGs) at some tissue depths (Chapter 3: Supplemental Figure 3, yellow 
segmentation). This histology was difficult to consistently detect and is not visible throughout the 
reconstruction owing to its small size and position within interior of the aortic sinuses exposed to 
OCT. Although the TAG ions were not unique to the cusps, their presence on the cusps may be 
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indicative of atherosclerotic progression. Again, a ToF-SIMS analysis reported similar results in 
that they found no co-localization of cholesterol and TAGs in atherosclerotic plaques.197 
3.5.2 3D IMS of atherosclerotic plaque in a human carotid artery 
3.5.2.1 Segmentation of dataset reveals 3D localization of molecular histologies 
correlated to the degree of artery stenosis 
The human carotid used in this study was surgically excised and thus contains a cut along the 
plaque. Due to this limitation, accurate representation of the plaque as would be seen in vivo 
cannot be obtained, especially considering that the cut edge is more easily deformed during 
sample removal, freezing or embedding. However, in the case of this sample, the incision was 
at the superior portion of the artery and the bulk of the plaque was in the inferior aspect of the 
artery and therefore, was relatively undisturbed. It is important to understand that such 
limitations will arise in 3D reconstructions of human tissue since the entire artery cannot be 
recovered.  We stained the imaged sections with H&E over ORO because the human plaques 
are more varied and complex and H&E provides a better overview of the histology compared to 
ORO where only neutral lipids are stained. ORO was sufficient for the mouse model where 
plaque is less variable. 
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Figure 3-3. Longitudinal view of 3D IMS reconstructed human carotid atherosclerotic 
plaque. A: 3D longitudinal view at the plaque’s center. 3D ion volumes from the same depth 
plane distinguishing the yellow and red segments. B: 2D segment images from increasing depth 
in the plaque showing the evolution of the molecular histology with increasing stenosis. 
The major regions of the bulk and non-cut area of the plaque are outlined by spatial shrunken 
centroids segmentation in Figure 3-3-A as a longitudinal view. The DAN 3D reconstruction was 
done using 118 plaque containing sections for a total length of 1.18 cm. Supplemental video 3 
contains rotations of the 3D segmentation of the plaque. There are several areas of interest in 
the plaque: inner portion of the plaque (typically intima and fibrous cap - yellow, green 
segments), middle plaque region (heterogeneous mix of cell types and lipid core - red, cyan 
segmentations) and outer plaque region (primarily connective tissue - blue) observed in both a 
3D cross section and at increasing depth in 2D.  
Interestingly, the segmentation revealed that these major arterial features diverge molecularly 
depending on depth and total composition of the individual segments. The inner plaque region’s 
segmentation changes from the green to yellow segment as the stenosis increases (Figure 3-3-
A, segmentation). The negative and positive t-statistics are available in Chapter 3: 
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Supplemental Figure 4 & Chapter 3: Supplemental Figure 5 and provide the important 
signals of each region. The molecular change is due to the species previously associated to 
SMCs and seen at the intima of the mouse species, again, PC(16:0/20:4) and PC(18:0/20:4). 
This result may suggest a proliferation of SMCs in this plaque as stenosis increases. 
Additionally, the prescence of the arachadonic acid containin PCs outside of the plaque interior 
may point to a lack of degradative inflammation in this area. This fits as well with The red and 
cyan segments are the primary contributing molecular histologies to increased stenosis with the 
plaque intima area increasing less significantly. The red and cyan segments have similar 
molecular composition, with the red having a higher abundance of protonated LPCs and the 
cyan segment containing LPCs with higher abundance of sodium and potassium adducts. The 
plaques outer connective tissue (blue segmentation) does not vary molecularly with 3D location 
on the plaque. Figure 3-3-A shows the LPC(16:0) compared to the longitudinal view of the 
segmentation. The 3rd dimension gives a clue about plaque formation, as greater stenosis is a 
known risk factor for plaque rupture and thus for stroke 209, and the more stenotic area of the 
plaque contains regions pooled with LPC. Negative mode data showed abundance of ceramide 
species (Cer-1-Phosphate at m/z 616.4 and phosphoethanolamine (PE)-ceramides m/z 687.6 
and 685.6) in the bulk plaque area, co-localized with LPCs.  
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3.5.2.2 Registration of IMS to H&E increases efficiency and accuracy of analysis 
 
Figure 3-4. Segmentation of optical data by molecular histology. Top-left: IMS 
segmentation as previously described. Top-Right: Overlay of H&E with the IMS segment data, 
highlighting correlation between molecular information and histology. Bottom: Ion images 
associated with the red and blue segmentation, left and right, respectively.  
In collaborative efforts involving IMS, dissemination of IMS data in a format that is pertinent and 
interpretable by clinicians and collaborators with less familiarity with the technology is important. 
In the case of co-registered 3D IMS and 3D histological data, the advantage is segmentation of 
the optical data according to the molecular histology, as shown in Figure 4 where the optical 
data section are dissected by the IMS regions. The classic histological approach is used in 
determining histological correlation and validating molecular histology with experts. Dissecting 
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optical data by molecular histology is an automated manner to reveal where the IMS data and 
staining data are congruent and is particularly powerful in 3D applications as the amount of 
digital pathology data increases with the IMS data. There are limitations as the low resolution 
IMS data’s segmentation does not describe well border regions but the bulk of an area is quickly 
displayable and interpretable. Examination of the IMS segmented H&E data over the entire 3D 
reconstruction revealed that the plaque is predominantly fibrous in character, indicating a better 
prognosis 210. As previously indicated, the yellow segmentation describes areas rich in fibrous 
tissue and SMCs (Figure 3-4), while the outer blue area is predominantly composed of 
connective tissue. Figure 3-4 shows two ion images from lipid species highly correlated to the 
bulk plaque area (left and right ion images, respectively). Careful examination of the ion images 
also reveals that individual ion intensity can depend on the density of certain histology as shown 
in LPC (16:0) where the most saturated pixels are correlated with a more eosin rich and dense 
fibrotic area (H&E available in Chapter 3: Supplemental Figure 6). Another useful aspect of 
IMS data registered to staining data in the context of 3D IMS is confirmation of the tissue 
structure by 3D reconstruction of the H&E staining as shown in Supplemental Videos 4 & 5.  
Silver-assisted IMS did not provide interesting results in 3D as there was very limited signal 
intensity throughout the plaque. This is likely due to the fibrotic nature of plaque. The unaligned 
3D segmentation data is given in Chapter 3: Supplemental Figure 7. The data did show some 
association of FAs with the plaque area highlighted in cyan in the DAN data, but oftentimes a 
complete depletion of signal in the bulk plaque area (red segment in DAN) is noted.  
3.5.3.2 3D IMS has unique potential in atherosclerosis research 
The results shown above demonstrate that mouse models of atherosclerosis and human 
samples contain similar molecular histology at the lipid level and at the 3D spatial level. Here we 
have demonstrated the capability of our techniques to identify molecular histologies in mouse 
models as well as a human carotid plaque. These techniques should be further applied in 
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different types of human plaques with different tissue composition and instability level. Indeed, it 
is well known that plaque morphology is heterogenous between patients and that particular 
histological features are considered to be higher risk, leading to rupture, and clinical symptoms, 
e.g. stroke 210-212. It would be interesting to determine if molecular histologies and their 3D 
spatial organization, obtained from the IMS techniques used herein, can predict high-risk 
features, and particularly identify areas of plaque that have higher-risk of rupture. These 
investigations would help further unravel the biological complexities of atherosclerosis, and 
predict clinical outcomes. Furthermore, it could also help identify treatment efficacy in stabilizing 
atherosclerotic plaques.  
3.6 Concluding Remarks 
3D IMS is a developing field that requires both front end and back end method development, but 
another important consideration is what types of studies best leverage the technology. The 
suitability of the human carotid for 3D IMS is demonstrated as this tissue has characteristics 
favorable to 3D IMS including its size and the surgical excision that involves removing the entire 
plaque. The latter is particularly important as a primary advantage of 3D IMS is to describe a 
system in its 3D entirety and mitigate concerns about the representativeness of the sample. 
We have presented a method for 3D reconstruction of IMS data that is robust and uses open 
source software. We apply the reconstruction method to atherosclerosis, a 3D biological 
phenomenon. We demonstrate the power of 3D using both mouse model and human carotid 
atherosclerosis tissue. In both cases, we acquire multiple datasets for the plaque and detail 
methods for comparing the datasets. Although this study is limited to a small number of 
samples, correlations are demonstrated from the mouse model to the human tissue. The 
methods developed on mouse tissue scaled up to more complex human tissue and proved their 
effectiveness across sample preparations and tissue type. Numerous interesting applications for 
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these methods in the future may help further unravel the biological complexities of 
atherosclerosis.  
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4. 1 Abstract: 
In many cancers, the establishment of a patient’s future treatment regime often relies on 
histopathological assessment of tumor tissue specimens in order to determine the extent of the 
‘pathological response’ to a given therapy. However, histopathological assessment of 
pathological response remains subjective. Here we use MALDI imaging mass spectrometry to 
generate lipid signatures from colorectal cancer liver metastasis specimens resected from 
patients preoperatively treated with chemotherapy. Using these signatures we obtained a 
quantitative and objective pathological response score that correlates with prognosis. In 
addition, we identify single lipid moieties that are unique to different histopathological features of 
the tumor, which have potential as new biomarkers for assessing response to therapy. These 
data show that automated and objective methods, focusing on the lipidome, can be used as 





Many solid tumors (colon cancer, breast cancer, gastric cancer, oesophageal cancer etc.) 
receive neoadjuvant chemotherapy prior to resection and the prognosis of the patient as well as 
the adjuvant therapeutic strategy is determined by the pathologic response to the neoadjuvant 
regime. Thus, the development of objective and quantitative strategies to evaluate pathologic 
response is important in many solid tumors.  
Despite advances in management of colorectal cancer liver metastasis (CRCLM) patients, the 
majority are incurable.213-215 Surgical resection is the only chance for cure but only feasible in 
15-20% of patients.216,217 Various clinical parameters such as the number and size of lesions, 
disease free interval, and serum Carcinoembryonic antigen levels, among others have been 
used to prognosticate these patients. However, with modern day therapies including 
preoperative chemotherapy and loco-regional modalities, these factors no longer correlate 
effectively with post-operative disease free and overall survival rates.218-221 Similarly, clinical 
scoring systems that utilize these parameters are no longer appropriate, in that even patients 
with a poor clinical risk score that have a good response to neoadjuvant chemotherapy will have 
a better outcome than the clinical risk score would have predicted.222,223 There are only a few 
molecular biomarkers that can predict prognosis and guide treatment. 224,225 These include 
KRAS that is used to select patients for treatment with anti-EGFR agents and microsatellite 
instability that is a prognostic factor and a marker for response to 5-FU.226,227  
Pathological evaluation can predict patient outcome by assessing response to preoperative 
chemotherapy but can also evaluate surrounding unaffected liver parenchyma for chemotherapy 
associated toxicity that could lead to morbidity, further driving the choice of future chemotherapy 
and patient management.228,229 Pathological grading systems have been developed to address 
this with variable correlation with survival.230-234 Early post chemotherapy grading systems 
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looked at percent viable tumor cells and more recently the Tumor Regression Grade (TRG) 21 
demonstrates a correlation with patient outcomes. This grading takes into consideration the 
degree of fibrosis and necrosis in relation to tumor viability, in which fibrosis is considered a 
positive indicator and necrosis a negative indicator of response.232 However with the widespread 
use of Bevacizumab, an angiogenesis inhibitor precipitating tumor necrosis as a form of 
response, the Modified Tumor Regression Grade (mTRG) emerged.235 mTRG differentiates 
between two types of necrosis seen in resection specimens; usual necrosis (UN), typical of 
tumor progression, and infarct-like necrosis (ILN), a response to treatment, whose presence has 
been associated with favourable prognosis.235 However, the pathological evaluation process 
remains a subjective semi-quantitative one regardless of which grading system is applied and is 
subsequently vulnerable to inter-pathologist variability necessitating a complementary technical 
approach236,237. In addition, the final pathological report can take between 7-14 days, depending 
on the institution.  
We propose to compliment pathologic assessment of CRCLMs with Matrix-assisted laser 
desorption/ionization (MALDI) imaging mass spectrometry (IMS). IMS images biomolecules 
including proteins and lipids directly on thin tissue sections of clinical origin maintaining spatial 
orientation.29,100,147,178 IMS acquires mass spectra at defined 2-D positions across a surface and 
reconstructs these data into ion distribution maps reflecting molecular distributions.179,238 
Phospholipids are of clinical interest due to their biological roles in both physiological states and 
cancer processes.90 The potential clinical utility of phospholipid IMS has been demonstrated in a 
number of applications90,239-241, however, tissue studies with large cohorts still require robust and 
validated approaches for data interpretation due to the highly multivariate nature of IMS 
datasets and the inherently complex nature of biological tissue.242 Currently, two approaches 
exist for analyzing clinical IMS data: Histology-driven IMS approaches where one determines 
IMS regions of interest based on histopathology annotations of stained serial sections, and 
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histology-independent approaches where regions of interests are determined from multivariate 
molecular patterns inherent to the IMS data.143 Upon isolating and validating signal patterns 
found in tissue, IMS offers the capability to automatically classify the topography of new 
samples.243 When a sufficient spectral library has been generated and correlated with pathology 
and/or clinical outcomes, IMS data can then be further mined for potential disease biomarkers. 
Thus IMS can compliment a subjective semi-quantitative pathology assessment with an 
automated objective quantitative assessment. Equally important is that this automated 
methodology can generate a quantitative numerical output within a fraction of the time that it 
takes to deliver a conventional, semi-quantitative pathology report in most clinical institutions.  
Here we describe the use of IMS to generate an objective automated quantification for grading 
CRCLM that reflects disease progression and overall survival. In addition, we propose that this 
approach can identify lipid biomarkers that can better prognosticate and serve as potential 
therapeutic targets as well as further our understanding of the role of lipids in the mechanisms 
of cancer progression. Briefly, our workflow begins with IMS data acquisition from CRCLM 
specimens in both positive and negative ionization modes allowing us to detect  a greater 
number of potentially discriminant lipid species (Figure 4-1- step 1). The spectral data is then 
pre-processed (normalization, smoothing and peak picking) and the resultant peak data 
segmented with the spatially-aware k means algorithm (unsupervised clustering) (Figure 4-1- 
step 2). The generated segmentation map is then correlated with a five stain histological panel 
to determine lipid signatures of major histological areas (Figure 4-1- step 3). From here, a 
spectral library is generated from the histologically correlated IMS data. The spectral library 
were used to train a classifier that was validated by classifying an independent cohort of 
specimens. The robustness of the lipid signature for classification was evaluated by a specialist 
pathologist comparing serial H&E stained sections and IMS classification over the cohort 
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4.3.1 Correlation of histopathology to imaging mass spectrometry 
The initial goal was to determine whether signatures derived from IMS data are capable of 
robustly distinguishing different histopathological features within CRCLM tumor specimens. To 
achieve this, a training set of 12 CRCLM specimens from 12 patients was analyzed by IMS. The 
acquired IMS spectra were segmented in an unsupervised fashion (spatially aware k-means 
clustering) based on their location within the sample (x-y coordinate) and lipid content (peak 
intensity data). The segmentation maps were then correlated to tumor morphology through a 
series of stainings from the same specimens, generating robust histological lipid signatures. 
Liver lesions ranged in size between 0.3 and 9.2 cm with an mean of 4.7 cm. The mean follow 
up for this cohort of patients was 30.2 months. Overall survival (OS) and disease free survival 
(DFS) by the end of the study period in this group of patients was 81.8% and 48.6% 
respectively. Data presented in supplementary Chapter 4: Supplemental Table 1 and Chapter 
4: Supplemental Figure 1. 
Figure 4-2 illustrates IMS segmentation of a tissue section from the training set, visually 
correlated to a high resolution scan of the H&E stain of the same section at low magnification 
(Figure 4-2-A). Segmentation of the data into 7 molecular signatures was able to identify 6 
different histopathological regions of the tumor, as one cluster was defined by MALDI matrix. 
We have color coded the 6 signatures (a signature is defined as a lipid intensity profile unique to 
a histopathology) as: adjacent unaffected liver (blue), tumor (red), necrosis (purple), fibrosis 
(grey), inflammation (green) and mucin/MALDI matrix noise (white). Clustering algorithms 
provide an automated means of ROI selection reducing the introduction of non-relevant IMS 
pixels that occurs with manual selection of ROI in microscopically heterogeneous samples. It 
also allows the comparison of histologies across a cohort (i.e. comparison of tumor cells from 
83 
one sample to another). A tile plot of average peak intensity shows univariate comparisons of 14 
top marker ions for the correlated topographies (Figure 4-2-B). Receiver operator characteristic 
(ROC) curves were calculated for all picked peaks and the calculated area under the curve 
(auROC) determined the most discriminant. In the ROC analysis, histologies were compared in 
a one vs. all approach, effectively excluding markers that may be discriminant for a combination 
of histologies.  
 
Figure 4-2. Correlation of IMS to histological staining and mining IMS data. A) Visualization 
of the workflow employed comparing IMS segmentations to staining of serial sections. Color 
scheme of various detected regions is given below. B) Tile plot of signal intensity of averages of 
14 most discriminant markers from IMS listed by correlated histology. C) Averages from peak 
data of the regions detected by IMS.  
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Topography m/z Identity Fold change auROC MS/MS 
Normal NEG_738.5 PE(16:0/20:4) 3.161 ± 0.23 0.923 FA-1:255,FA-2:303,434(Etn),452(Etn) 
  NEG_762.5 PE(16:0/22:6) 4.827 ± 0.45 0.940 
FA-1:255,FA-2:327, 434(Etn),452(Etn), 
506(Etn),524(Etn) 
  NEG_885.56 PI(18:0/20:4) 3.227 ± 0.19 0.964 
303, 283 (fatty acyl chains), 297 
(Glycerophosphoinositol), 241 (Inositol phosphate 
ion) 
  POS_758.57 PC(16:0/18:2) 2.71  ± 0.66 0.996 
Li_fragmentation: 508(NL of 16:0), 484(NL of FA 
18:2), 508(NL of 16:0), NL of 59, NL of 183 (PC 
headgroup) 
Tumor NEG_698.48 PE(p-16:0/18:2) 2.408 ± 0.42 0.878 
FA-2: 279, 436 (Loss of sn2 acyl chain as ketene 
(RCH=C=O) from [M-H]-) 
  NEG_700.51 PE(p-16:0/18:1) 2.151 ± 0.52 0.864 
FA-2: 281, 436 (Loss of sn2 acyl chain as ketene 
(RCH=C=O) from [M-H]-) 
  NEG_835.54 PI(16:0/18:1) 2.813 ± 0.63 0.885 
281, 255 (fatty acyl chains), 297 
(Glycerophosphoinositol), 241 (Inositol phosphate 
ion), 673(NL of inositol) 
  POS_706.55 PC(14:0/16:0) 2.835 ± 0.51 0.829 184(PC headgroup), ~0.7 ppm error 
  POS_732.55 PC(16:0/16:1) 5.355 ± 1.29 0.921 
Li_fragmentation: 480(NL of 16:1), 482(NL of 
16:0), NL of 59, NL of 183 (PC headgroup) 
Inflammation NEG_722.49 PE(p-16:0/20:4) 3.749 ± 0.62 0.935 
436(Loss of sn2 acyl chain as ketene (RCH=C=O) 
from [M-H]-), 303(FA chain) 
  NEG_750.53 PE(p-18:0/20:4) 3.744 ± 0.66 0.845 
464 (Loss sn2 acyl chain as ketene (RCH=C=O) 
from [M-H]-), 303(FA) 
  POS_734.57 PC(16:0/16:0) 3.673 ± 0.72 0.942 
Li_fragmentation: 478(NL of 16:0), NL of 59, NL of 
183 (PC headgroup) 
Fibrosis POS_782.55 PC(18:2/18:2) 1.5 ± 0.61 0.780 184(phophotidylcholine headgroup) 
Infarct-like 
Necrosis POS_703.57 SM(d18:1/16:0) 5.62 ± 0.66 0.902 
Li_fragmentation: 280(sn-2 loss), NL of 59, NL of 
183 (PC headgroup) 
  NEG_616.47 
Cer-1-
P(d18:1/16:0) 4.83 ±  1.12 0.880 96(phosphate group),78(phosphate-H2O) 
Usual Necrosis POS_742.57 PC(p-16:0/18:2) 2.20 ±  0.43 0.823 
Li_fragmentation: NL of 189 (PC 
headgroup),279(NL of 189 + NL of non-plasmenyl 
FA) 
  POS_744.59 PC(p-16:0/18:1) 5.16 ±  1.14 0.911 
Li_fragmentation: NL of 189 (PC 
headgroup),279(NL of 189 + NL of non-plasmenyl 
FA) 
  POS_746.59 PC(p-16:0/18:0) 5.56 ±  0.78 0.912 
Li_fragmentation: NL of 189 (PC 
headgroup),279(NL of 189 + NL of non-plasmenyl 
FA) 
  POS_768.57 PC(p-18:0/18:3) 5.02 ±  0.98 0.902 
Li_fragmentation: NL of 189 (PC 
headgroup),307(NL of 189 + NL of non-plasmenyl 
FA) 
  POS_770.59 PC(p-18:0/18:2) 3.94 ±  0.74 0.872 
Li_fragmentation: NL of 189 (PC 
headgroup),307(NL of 189 + NL of non-plasmenyl 
FA) 
  POS_772.59 PC(p-18:0/18:1) 3.54 ±  0.88 0.854 
Li_fragmentation: NL of 189 (PC 
headgroup),307(NL of 189 + NL of non-plasmenyl 
FA) 
  NEG_536.50 
C16 
Cer(d18:1/16:0) 4.83 ±  1.19 0.945 
506(NL of H2CO), 504(NL of H2-H2CO), 488(NL of 
H2O-H2CO), 296(side chain loss), 254(FA loss) 
Table 4-1 Table of characteristic ions. Fold change and auROC calculated vs all other 
histologies. Etn = ethanolamine. NL = neutral loss. FA = fatty acid. PC = phosphotidylcholine. 
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PE=phosphoethanolamine. SM = Sphingomyelin. p-16:0/p-18:0 = plasmenyl lipid. Cer = 
Ceramide. PI = phosphoinositol. 
IMS segmentation maps for the training set are shown in the farthest right column in Chapter 4: 
Supplemental Figure 2 and again at higher magnification in Chapter 4: Supplemental Figure 
3. The collation of the histological and IMS data allowed us to generate a IMS spectral library 
sorted by histopathological region. Table 4-1 indicates the most discriminant species’ 
topographies, masses, auROCs, fold changes, identity, and characteristic MS/MS ions 
(Individual ion images and annotated MS/MS spectra of the top markers are presented in 
Chapter 4: Supplemental Figure 4 and Chapter 4: Supplemental Figure 5). These data 
show that IMS signatures can discriminate different histopathological features of colorectal 
cancer liver metastasis specimens.  
4.3.2 Validation of Lipid signatures 
We then used a classifier developed from the training set’s segmentations and lipid signatures 
to classify the topography of 40 additional specimens by partial least squares–discriminant 
analysis (PLS-DA). The IMS predicted segments of this cohort of specimens (Figure 4-3-A-C, 
representatives of 3 specimens) were validated by comparing a pathologist anootation of each 
specimen’s high resolution H&E scans (Figure 4-3- columns 2, 3 & 4) for the different 
histologies. Comparison of the IMS and pathologist’s assignment of tissue types showed strong 
correlation between the two (Figure 4-3, column 5). For example, the sample in Figure 4-3-A 
IMS shows large areas of red indicating tumor cells verified by the H&E stain (Figure 4-3- 
column 3 & 4: magnified tumor area). Within the dense tumor cell areas, there are small areas 
of tumor stroma with inflammation (Figure 4-3-A: columns 1 & 2, indicated by arrow) evident in 
the H&E by their lighter pink stain compared to the dark purple staining of the tumor cells, that 
are also well classified by IMS in green (Figure 4-3-A: columns 1 & 2, indicated by arrow). 
86 
 
Figure 4-3. Partial least squares-discriminant analysis classifications of tissue 
topography. (3 representative samples classified based on the previously extracted 
segmentations)  Box A-C: classified IMS image. D-F: low-magnification (0.4x) H&E staining of 
serial section. G-L: H&E staining of two areas from serial sections (high magnification,4.0x); G: 
enlargement of Blue box from D showing area of necrosis,; J: enlargement of Red Box from D 
showing tumor cells; H and I: enlargement of Blue boxes from E and F respectively showing 
small foci of tumor; K and L: enlargement of Red boxes from E and F respectively showing 
small foci of tumor; Right-most: Pathology correlation score. Arrows in Box A and D show small 
inflammation areas within tumor.  
 Each classified region, according to the lipid signature was scored from 1 to 5 for every lesion, 
1 indicating 1/5th of the histology matching and 5/5th complete correlation. During the 
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development of the lipid signatures distinct areas of fibrosis and inflammation were identified. 
However, the pathologist was not able to evaluate the amount of inflammation if it was mixed 
within fibrosis (inflammatory fibrosis) on H&E staining as further special staining is needed to 
differentiate between their designated histologies. Since pathological response assessed by 
mTRG does not require the differentiation between the two, the IMS fibrosis (grey) and 
inflammation (green) segments were treated as one during evaluation. The adjacent unaffected 
liver (blue), tumor (red), necrosis (purple), fibrosis/inflammation (grey/green) and loose tissue 
mucin (white) segments scored an average of 5, 4.9, 4.5, 4.9, and 4.7 respectively indicating a 
very high level of correlation between the IMS prediction of all histologies in this cohort of 
specimens. 
Classifications for a subset of our cohort with their validation score using the system described 
above are available in Supplemental Annex (attached as pdf) along with H&E staining of serial 
sections for comparison. One should note that the pathologist’s evaluation was performed 
visually and compared to our color schemes for each histology; therefore an absolute 
quantitation is not possible. These data show that the IMS signatures developed from the initial 
training set can also discriminate different histopathological features of a tumour in a validation 
sample series. 
4.3.2 Mining of the necrosis segmentation identified the two distinct 
types of necrosis 
We next evaluated whether IMS signatures can differentiate infarct-like necrosis (ILN) and usual 
necrosis (UN) in CRCLMs. ILN is characterized by confluent areas of strong eosin staining while 
UN, found within tumor cell glands, also stains strongly with eosin, but is patchier and mixed 
with nuclear debris. Further, a ring of fibrosis sometimes surrounds ILN, whereas UN is found 
within the glands of CRC cells. ILN has been correlated with response to treatment and better 
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prognosis, whereas UN is considered a normal process of tumor cell proliferation and is 
associated with a worse patient outcome235.  
 
Figure 4-4. IMS detection of infarct-like necrosis (ILN) and usual necrosis (UN). A) IMS 
classification of sample, thin left arrow in ILN, fat right arrow in UN. B) Positive ionization mode 
ion images of m/z 703.57 (SM(d18:1/16:0)) in red  and m/z 744.57 PC (p-16:0/18:1) in green. C) 
low-magnification (0.4x) H&E staining of serial section. D-E) High magnification (4.0x) of H&E 
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staining showing areas of ILN (left) and UN (right) from serial section. F) Representative spectra 
of the ILN and UN regions from the positive (top) and negative ionization modes (bottom). Lipid 
species identified are described in Table 1, with MS/MS spectra available in Supplemental 
Figures. 
Mining of the necrosis IMS segmentation revealed lipids capable of discriminating the 
histologies. Figure 4-4-A shows a classified IMS sample with necrotic areas indicated in purple. 
In positive ionization mode, a spingomyelin (SM(d18:1/16:0), m/z + 703.57) was found to be 
abundant in ILN (Figure 4-4-B, red) and several PC plasmalogen species of different fatty acid 
chain length (Table 4-1, Chapter 4: Supplemental Figure 6) more abundant in UN (Figure 
4-4-B, green, m/z + 744.59, PC(p-16:0/18:1)). These areas were confirmed under high-
magnification H&Es (Figure 4-4-C, D & E).  In addition, we identified C16 ceramide 
(Cer(d18:1/16:0), m/z -536.50) to be abundant in UN and C16 ceramide-1-phosphate (Cer-1-
P(d18:1/16:0), m/z -616.47) to be abundant in ILN. All necrosis related species were identified 
through MS/MS fragmentation (Chapter 4: Supplemental Figure 6 & Chapter 4: 
Supplemental Figure 7). Salient statistical information for these markers is available in Table 
4-1 and representative spectra from positive and negative ionization mode are displayed in 
Figure 4-4-F with the mass and names for all relevant species. These data show that IMS 
signatures can successfully discriminate different types of necrosis (ILN and UN) in tissue 
specimens and identify unique lipid markers within each histology, importantly, these types are 
necrosis are clinically relevant. 
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4.3.2 Exploring clinical application/relevance of the automated 
CRCLM IMS analysis  
mTRG IMS lipid signature profile 
area viable tumor + UN 
(%) 
area fibrosis + inflammation (%) 
1 0 0-100 
2 <7 0-100 
3 ≥7 and < 50 ≥50 
4 ≥50 ≥5 
5 ≥50 0-5 
Table 4-2. Percentage of histological area used in calculation of mTRG. 
 
Pathologist 1 Pathologist 2 MALDI IMS 
Pathologist 1 0.7361 0.8121 
Pathologist 2 0.7361 0.6227 
MALDI IMS 0.8121 0.6227 
Average 0.7741 0.6794 0.7174 
Table 4-3. Correlation of pathologist and IMS mTRG grading (n=52). Showing a high overall 
correlation of IMS based grading scores with the two pathologists (r=0.717, p<0.0001).  
To evaluate the robustness of the classifications based on lipid signatures and their clinical 
application, we generated an automated, objective mTRG score from the IMS data. mTRG is a 
CRCLM tumor grading system that scores sections stained by H&E based on the presence and 
amount of the following histologies: viable tumor cells, usual necrosis, infarct-like necrosis and 
fibrosis. We developed an algorithm that converts the histologically correlated IMS lipid 
signatures’ classifications to the published mTRG232,235. The algorithm was based on published 
grading guidelines23 and is summarized in Table 4-2. The scores for all the specimens (n=52) 
were correlated with scores of two independent, blinded pathologists (Chapter 4: 
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Supplemental Table 2). Inter-pathologist correlation was observed at r=0.7361 (p<0.0001, 
Table 4-3). The IMS generated scores correlated with both pathologists (r=0.8121 and 
r=0.6227, for pathologist 1 and 2, respectively, (p<0.0001).  
 
Figure 4-5. Kaplan–Meier survival analysis for the three response groups stratified 
according to pathological grading as observed by two independent Pathologists and by 
IMS. The p value of the log-rank (Mantel-Cox) test is shown. Significant differences between 
curves was not observed A) Left: Overall survival (OS) curve for major response group showing 
100% OS at 12 and 36 in all three observation groups. All subjects censored. No events in this 
patient group. Right: Disease Free Survival (DFS) curve for major response groups showing 
63.6% DFS for the Pathologist 1 and Pathologist 2 and 75% DFS for IMS at 12 months and 
21.7%, 0% and 38% DFS for Pathologist 1, Pathologist 2 and IMS at 36 months respectively. B) 
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Left: OS curve for partial response group showing 100% OS at 12 months for all three 
observation groups and 51.4%, 64.2% and 63% OS at 36 months for Pathologist 1, Pathologist 
2 and IMS respectively. Right: DFS curve for partial response groups showing 54.5%, 57.1% 
and 45.4% DFS at 12 and 0%, 38% and 22.7% at 36 months for the Pathologist 1, Pathologist 2 
and IMS respectively. C) Left: OS curve for minor response group showing 100% OS at 12 
months for all three observation groups and 70.1%, 72.9% and 68.1% OS at 36 months for 
Pathologist 1, Pathologist 2 and IMS respectively. Right: DFS curve for minor response group 
showing 30.7%, 35.7% and 25% DFS at 12 months and 15.3%, 10.7% and 8.3% DFS at 36 
months for Pathologist 1, Pathologist 2 and IMS respectively. 
To demonstrate clinical relevance, we plotted the mTRG grades from the pathologist and IMS 
lipid signatures to OS and DFS curves (Figure 4-5). Patients who received chemotherapy 
(n=35) were stratified into three response groups according to their scores (major response: 
grades 1 and 2, partial response: grade 3, and minor response: grades 4 and 5232). Three-year 
OS and DFS were calculated for each group and we observed comparable outcomes in all three 
gradings (Pathologist 1, Pathologist 2 and IMS lipid signatures,Chapter 4: Supplemental Table 
2). These data confirm that IMS imaging can be used to provide prognostically useful 
information. 
4.4 Discussion 
We have succeeded in converting the mTRG from a subjective semi-quantitative grading 
system into an automated and quantitative system by using IMS lipid-signatures and 
classification. Importantly, this work was achieved on a relatively large cohort for an IMS study 
of resected tissues. The use of mTRG calculated by image analysis was comparable to the 
pathologist’s grading in stratifying patients according to their OS and DFS We further 
demonstated a robust methodology using correlation to many staining and IMS. Compared to 
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histology driven approaches where one selects ROIs for IMS analysis based on outside 
annotation, we include the entirety of the IMS data available in our analyses, reducing error and 
increasing statistical power in inter-sample comparison. Although similar approaches have been 
described before to distinguish cancer lesions from adjacent normal using lipid signal intensities, 
previous studies have not partitioned the cancer lesions into their component histologies in such 
depth as described here239,244. This is significant because cancer lesions are composed of 
multiple tissue types and cancer progression and regression is a dynamic process with 
composition changes reflecting the status of the lesion. This detailed objective approach to 
histological evaluation is advantageous as it describes the tumor micro-environment along with 
the tumor burden. A challenge in the treatment of patients is the assessment of their response 
in an objective and quantitative manner. Currently a clinician relies on both the pathologist and 
radiologists assessment, which is very subjective and differs based on experience. By 
introducing an automated and objective method of evaluation we start to unify patient response 
grading, moving to a well defined synoptic reporting tool. 
Pathologist assessments rely on “eye-ball” estimates of tumor burden and with the introduction 
of mTRG (differentiating the two types of necrosis) its subjectivity has been driven further. The 
clinical application of IMS lipid signatures goes beyond pathological grading as it can serve as a 
valuable tool for refining current grading parameters and the discovery of candidate biomarkers. 
For example, within the areas of necrosis we identified C16 ceramide and C16 C1P as 
biomarkers of UN and ILN, respectively. C16 ceramide has been described as having tumor 
suppressor activity (having both anti-proliferative and pro-apoptotic activities) while in contrast 
C1P has pro-survival and anti-apoptotic activity, making these lipids attractive biomarker 
candidates for reponse to therapy79,245. It has been reported that high levels of C1P, which 
stimulates cell division and inhibits apoptosis, is toxic and can kill cells.246 Alongside the 
ceramides, plasmalogens were identified in the necrosis areas. Although found ubiquitously in 
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human cells, they have not been previously described in cancer or necrosis processes, unlike 
other ether lipids. In addition, they have been reported to be lower in abundance in liver tissue 
compared to other organs.246,247 Interestingly, within our data set we identified PE 
(phosphoethanolamine) plasmalogens to be associated with both tumor areas and areas of 
inflammation, whereas PC plasmalogens are exclusively abundant in areas of UN. Current 
research indicates PE plasmalogens as the precursor to PC plasmalogens as no 
plasmenylcholine desaturase enzyme has been described. Compared to UN, we find minimal 
PC plasmalogen signal in surrounding liver tissue. The function of these lipids in the specific 
histologies opens further areas of research. The ability to distinguish between UN and ILN is 
extremely important and not always obvious when examining CRCLMs histologically. We have 
identified unique lipid biomarkers for each of these tissue types. In fact we are able to identify 
ILN areas within UN that has been graded by pathologists to be entirely UN. This needs to be 
investigated in a larger series of patients to determine if it impacts prognosis or response to 
therapeutic interventions. 
From a technical standpoint, classification based on IMS data will be key in clinical analysis. It 
will not be practical for a routine clinical pathology lab to examine IMS data ion by ion. 
Furthermore, many molecules detected by IMS are generic and will be expressed by several 
types of cells, with changes in their relative abundance distinguishing histologies. By building a 
larger more heterogeneous spectral library with various types of cancers IMS could be used for 
diagnostic purposes in differentiating cancer type based on lipid profiles. 
This study supports an evidence-based model for decision making in regards to diagnosis, 
prognosis and intervention for CRCLM. We demonstrate functional linkages between IMS and 
histopathology and the utility of this “omics” technology in the clinical setting as a companion 
diagnostic and prognostic tool for pathologists and clinicians. Finally, using lipidomics we have 
uncovered a novel set of markers (ceramides and plasmalogens) to start investigating the 
95 
mechanism of treatment effects and possibly novel drug targets. The introduction of IMS into the 




4.5.1 Clinical data  
This retrospective study included a total of 52 lesions from 50 patients. Resections were 
preformed between November 2011 and July 2014. Clinical data was collected for each patient 
through the locally established hospital database and medical records. Included within the data 
are demographics, primary and metastatic disease characteristics, relevant laboratory results, 
chemotherapy and co-morbidities. As shown in the supplemental Chapter 4: Supplemental 
Table 1, median age of diagnosis was 63 (range 31-81) years. Rectal cancer accounted for 
34% of the cases. Approximately two thirds (64%) of the patients had synchronous liver 
metastasis (developed metastasis within a year of diagnosing the primary). Seventeen lesions 
were chemo-naive while the rest received neoadjuvant chemotherapy with an average of 7 
cycles (Range 3-28). Estimated 1 and 3-year OS is 100% and 82.6% respectively. Twenty-
seven (54%) of patients had recurrence in the liver, estimated 1-year and 3-year DFS is 49.9% 
and 44.4% respectively (26.5 months mean follow up duration).  
4.5.2 Tissue sample acquisition  
Informed consent was obtained from all patients through the MUHC Liver Disease Biobank 
(LDB: MUHC research ethics board approved protocol). Surgical specimens were procured and 
released to the biobank immediately after the pathologist’s confirmation of carcinoma and 
surgical margins. The specimens were frozen, within 30 minutes, according to the LDB standard 
operating procedures and processed as previously described89.  
4.5.3 Histochemical staining 
Frozen tissues were cut using a cryostat at 10 μm, and stored at -80°C in tightly closed boxes 
until staining. Before use, the slides were allowed to dry on the benchtop for 10 minutes at room 
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temperature and then fixed for 60 minutes in freshly made 4% formaldehyde dissolved in 0.1 M 
phosphate buffer at pH 7.2. Comparative topography assays were performed between IMS and 
different histological stains: Apolipoprotein F (ApoF) in-situ hybridization (ISH), Phospholipid 
transfer protein (PLTP) ISH, alcian blue (AB)248, H&E, and Ki67 immunostaining249, of the 
training set. ApoF ISH is hepatocyte-specific, defining regions of liver adjacent to the tumor 
area; PLTP ISH labeling revealed the concentration of macrophages within or around the tumor; 
AB stains areas of the metastastic lesions that contain mucin; H&E staining provided basic 
histological information for IMS correlation and pathological grading; Ki67 immunostaining 
identified tumor cells with cell cycle activity.  
4.5.4 In situ hybridization  
In situ hybridization (ISH) was performed with [35S]-labeled riboprobes synthesized in vitro from 
DNA Templates. Briefly, mouse Apolipoprotein F (ApoF, GenBank AF411832.1) DNA template 
of 675 bp was produced by PCR using sense gataccagatgcagacctca and antisense 
gttcgtcgttgttgacaaga primers. Human phospholipid transfer protein (PLTP, GenBank 
NM_006227.3) DNA Template of 884 bp was produced using GAAGAGCGGATGGTGTATGT 
(sense) and TGGTGGACGGACTGTAATTG (antisense) primers. Sequences recognized by 
SP6 Polymerase (5′-GCATTAATTTAGGTGACACTATAGAAGCG-3′) were attached to 
antisense and T7 Polymerase (5′-GCGCTATAATACGACTCACTATAGGGAGA-3′) to sense 
primers. Following hybridization, the results were visualized by x-ray film autoradiography 
showing anatomical level topography and emulsion autoradiography showing cellular level ISH 
labeling. Figure S2 represents the staining of the training set lesions.  
4.5.5 Pathological evaluation methods  
The following methods were used and compared to evaluate our lipid signatures:  
98 
i. Modified tumor regression grading (mTRG): All 52 lesions were stained (detailed in Chapter 
4: Supplemental Table 1) to identify areas and relative percentage of viable liver cells, fibrosis, 
inflammation, mucin, usual necrosis and infarct like necrosis. Two independent pathologists 
assessed modified Tumor Regression Grade (mTRG) as described by Chang et al. for every 
sample using high-resolution H&E slide scans (Chapter 4: Supplemental Table 2).235 For the 
mTRG grading UN was defined as containing nuclear debris and bordered by viable cells 
whereas ILN was defined as being a large confluent areas of eosinophilic cytoplasmic remnant 
located centrally within the lesion without the presence of nuclear debris. Briefly, mTRG1 is 
defined by the absence of tumor cells and replaced by fibrosis and ILN; mTRG2 contains rare 
scattered residual tumor cells with predominant fibrosis and the presence of both ILN and UN; 
mTRG3 contains more residual tumor cells throughout predominant fibrosis and UN; mTRG4 
contains large amounts of tumor cells and intermingled UN which predominates over fibrosis 
and ILN; and mTRG5 contains tumor cells and intermingles UN without any fibrosis. The higher 
the grade the worse the response. 
ii. Pathological response: All samples were grouped into 3 response groups based on their 
mTRG score. Major response includes: grades 1 and 2, partial response: grade 3, and minor 
response: grades 4 and 5232. 
4.5.6 Statistical analysis  
Survival probabilities were calculated by the Kaplan-Meier method and compared by the log 
rank (Mantel-Cox) test. A p value of less than 0.05 was considered statistically significant. All 
analysis was performed using JMP.11 software. Overall survival was calculated from the date 
that the metastasis were detected to the date of last follow-up. Disease free survival was 
calculated from the date of surgical intervention to the date of recurrence or last follow-up if 
patient was still disease free. 
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4.5.7 Mass spectrometry  
4.5.7.1 MALDI IMS tissue sectioning and sample preparation 
 Tissue sectioning and preparation was performed as previously described.89 Briefly, tissue 
cryo-sections of 10 µm were thaw-mounted onto ITO coated glass slides (Delta Technologies, 
Loveland, CO) and 1,5-diaminonapthalene (DAN) matrix (Sigma Aldrich, Oakville, CA) was 
sublimated on the slide.  
4.5.7.2 MALD IMS instrument parameters 
IMS in both positive and negative polarity of each tissue section was performed using a Bruker 
MALDI-TOF/TOF Ultraflextreme as previously described with only minor changes.89 Briefly, 150 
laser shots were summed per array position, with 100 µm of resolution for every acquisition. 
Negative ionization mode was acquired using an offset of 50 µm to positive ionization mode IMS 
grid array. MALDI laser influence and ion accelerating voltages in reflectron mode were 
optimized for the sample set. The mass range was m/z 460-1200 for both ionization modes. 
4.5.7.3 MALDI MS/MS 
 MS/MS measurements for species detected in positive mode were acquired in LIFT-TOF/TOF 
mode of the Ultraflexetreme and with a Bruker Solarix 15 T FT-ICR using dried droplet spotting 
of 2,5-dihydroxyacetophenone doped with 100 mM Lithium Trifluoroacetate for improved 
fragmentation91 whereas negative species were directly fragmented after DAN sublimation. 
MS/MS data were processed using flexAnalysis v3.3 software (Bruker Daltonics, Billerica, MA). 
The LIPID MAPS database was used for comparing accurate mass and obtaining lipid 
structures for the determination of fragmentation pathways.203 
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4.5.7.4 MALDI IMS data analysis 
 Data was displayed using flexImaging 4.1 (Bruker Daltonics, Billerica, Massachusetts). Data 
was exported to imzML format for processing.122 Spectral smoothing using the Savitzky-Golasky 
algorithm, Total Ion Current (TIC) normalization, and peak picking using a signal-to-noise ratio 
of 3.0 were performed using the MALDIquant package in the R environment.134 Generated peak 
intensity data were segmenteds using spatially aware K-means (k=7)144, as implemented in the 
Cardinal MSI R package.202 Partial Least Squares – Discriminant Analysis (PLS-DA) and ROC 











Chapter 5: Conclusion and future perspectives 
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5.1 Conclusion  
In this thesis, we demonstrated developments in lipid IMS through applications using human 
and mouse model tissue. Lipids are extremely important biomolecules and their recent inclusion 
in the gamut of biological imaging by IMS means that many discoveries and applications await 
development.  
Chapter 2 addresses lipid degradation in MALDI IMS studies. The goal of this this was to 
characterize lipid degradation in tissue sections on a time scale typical of MALDI IMS 
experiments and describe means to prevent this degradation. We characterized degradation in 
tissue sections and detected degradation markers in LPLs and OxPLs occurring on time scales 
typical of IMS experiments. Finally, we determined that freezer storage under N2 is a simple 
means of inhibiting degradation. This work addresses an important area of research that 
assures the validity of lipid results and will become increasingly important in a clinical setting 
where many participants are between the sample and its analysis. In this case, we have clear 
markers of degradation and best practice protocols.   
Challenges exist in how to apply and interpret IMS complex datasets. We looked at two types of 
large IMS datasets: 3D IMS datasets composed of analyses from a single tissue with sections 
taken at regular depth intervals, and a large cohort dataset where analyses are taken from 
different samples. 
3D IMS is at a point where potential applications are limited by difficult analysis schemes or lack 
of freely available tools for reconstruction. In 3D IMS our work addressed several data analysis 
challenges: alignment, visualization and analysis. We developed simple, intuitive, free tools and 
made them publicly available. The work and tools demonstrate a pipeline for 3D IMS where a 
user can take computationally aligned high resolution microscopy data and apply this alignment 
to coarse resolution IMS data. The tools permit visual section to section alignment of the 3D 
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data that requires minimal programming skills. We demonstrated the tool’s applicability in both a 
mouse model of atherosclerosis and a human carotid sample. In both tissues, more than one 
sample preparation and thus IMS dataset was acquired in the interest of a more complete lipid 
analysis. In the case of the human carotid we acquired all datasets on a single tissue.  
Due to simple species like FFAs being imaged by AgLDI and their complex downstream or 
precursor lipids like PLs and TAGs imaged by other sample preparations, there is a need to 
examine the disparate datasets inclusively. We addressed this challenge in 3D in 
atherosclerotic plaques by segmenting the 3D IMS data and finding segments of similar 3D 
spatial distribution. In this case we found plaques to contain common regions first by their 
spatial pattern towards the interior or exterior of the plaque. Finally, these spatial patterns were 
related to an optical staining data, and their histology defined.  
We found correlations in lipid distribution across the model and human sample with lysolipids 
and sphingolipids being present in the lipid core of either type of plaque. Segmentation of the 
human carotid data allowed us to visualize the development of the lipid core and the changing 
lipid profile of the outer plaque layer in response to a fuller lipid core. The mouse data revealed 
areas of TAG abundance in the aortic sinus cusps but not within the plaque area themselves. 
Human carotid data did not have significant TAGs. The lack of TAGs highlight the diversity of 
the atherosclerotic plaques, where some are very fibrous like the one we studied and others 
more lipid rich.  
Serial 3D IMS compiles several technical challenges in IMS, but beyond the logistic challenges 
of analyzing the data, there is contextualization. In the 4th chapter of this work, we demonstrate 
the integration on IMS with clinical data with an eye towards decision making and automation of 
the tissue analysis process. Our data demonstrated determination of the mTRG by IMS and 
tries to combat problems of subjective inter-pathologist grading by creation of an automated 
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objective and quantitative system through lipid signal analysis. The mTRG we derived from IMS 
compared favorably to the pathologist data and showed the potential of IMS to compete in this 
area. Our method is a middle of the road approach between histology driven and data driven 
IMS analysis: a compilation of stainings are compared with IMS segmented data to determine 
the molecular histology counterparts to the major stained histologies. Oftentimes, the correlation 
was unmistakable at lower magnification. It was critical to analyse the CRCLM samples in depth 
because the development of cancer is a culmination of cellular events reflected in the 
histologies present, and a too-reductive analysis of “normal” vs “tumor” shuts the door on many 
potential inter-sample differences in other histologies. 
Lipid profiles distinguishing histologies were also interesting and individual markers were able to 
discriminate between necrosis types. We found a series of PC plasmalogen species that were 
present in usual necrosis, typical of tumor proliferation. This series colocalized across FA chain 
length, and consequentially mass. This finding is notable as many normal PC species can have 
completely different localization based on side chain length or saturation. The class-wise 
localization of these species points to consistent biology behind their presence. Another 
surprising feature was the presence of PE plasmalogens in the inflammatory areas. This is 
especially interesting as PE plasmalogens are necessarily precursors of PC plasmalogens. 
Plasmalogens have not majorly implicated in cancer processes. 
Another interesting result from necrosis was the presence of C16 Ceramide in usual necrosis, 
and the phosphated version C16 Ceramide-1-phosphate found in infarct-like necrosis. C16 Cer, 
a long chain ceramide, is implicated in cell survival, through normal autophagy. Whether cell 
death or survival is determined by ceramides is still an important research question and our 
results give clues about long chain ceramides in the usual necrosis being pro-survival. 252 
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Taken together, this thesis extends in several directions, but is unified by the analysis of lipids 
and large complex datasets. It seeks to address the technical challenges in IMS data analysis 
while at the same time promoting IMS is biological and clinical contexts.  
5.2 Future Perspectives 
IMS’s niche in tissue analysis is currently being carved out. IMS correlation to clinical and 
biological variables, and sample preparations accessing previously unimageable biomolecules 
in situ have driven the research interest in IMS, and in turn, developments in technology have 
aided the capacity of IMS to respond to the biological and clinical research questions posed.  
The future developments in MALDI IMS sample preparation will have to increase specificity and 
sensitivity.253 Biological studies may be targeted or already have corroborating evidence 
implicating certain biomolecules, with the question being the localization of the molecule in 
tissue. Clinical studies are more discovery-based in IMS and the more specific the analysis, or 
the broader the range of species accessed by IMS, the better for discovery. In general, 
improvement of sensitivity in tissue section MALDI IMS has been achieved by removal of 
interfering species.254,255 For instance, washing away lipids to better detect intact proteins by 
MALDI on tissue or attempts to specifically remove the most abundant lipids to better image 
other lipids256. This improvement addresses the dynamic range in concentration of biomolecules 
in any biological tissue where some are extremely abundant and others less so. However, 
methods that modify matrix for better ionization, derivative species in situ68,257-260, or capture 
specific species on a separate surface for analysis261 are more recent and should be a major 
avenue of research in the future. Perhaps the most challenging aspect of sample preparation 
that will need to be addressed is in protein and peptide imaging, where seemingly less and less 
studies are focused. This may be done through more specific peptide or protein capture or other 
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sample preparations. Regardless of how they are detected, proteins are key in biology and are 
absolutely necessary to draw all the connections between metabolites.  
In some biological and pharmaceutical applications, limitations in imaging resolution are 
apparent. Drug metabolism and pharmacokinetic studies may wish to localize species down to a 
subcellular level and there is no doubt this could greatly benefit tissue disease studies for 
locating the exact cellular machinery producing a potential biomarker or drug target. Sample 
preparation also plays a role in this aspect as the preparation determines the limit of resolution. 
Sublimation and other solvent-free matrix deposition techniques have shown the most promising 
results due to limited delocalization at high resolution. Again, the need for specific analyses 
comes into play because current solvent free sample preparations only ionize lipid molecules, 
and sparingly intact proteins.86 The need for sensitive analysis is also present at high resolution 
because less material is ablated and therefore less ions are produced. Both instrumental and 
sample preparation development can relieve this issue. 
In clinical application of MALDI IMS, the big movements are likely to be studies demonstrating 
applicability and eventually studies demonstrating accessibility and ease of use for clinical 
laboratories. One can imagine an ideal scenario mirroring that of MALDI-TOF MS for the 
identification of bacterial strains where bacteria are simply grown, put on a MALDI plate, spotted 
with matrix, spectra are collected and classification of the spectra returns the identification of 
bacterial species with a quantitative level of confidence. This ideal scenario works because 
cultured bacterial cells are homogenous in comparison to the complex histologies present in 
tissue sections from clinical patients or even model animals. To address this compexity, clinical 
tissue studies of MALDI IMS will have to incorporate evermore histological data to be 
competitive. Histopathology has an enormous advantage because H&E staining has been 
performed on every tissue and pathology, and the more than a century of collective knowledge 
has meant that an H&E performed in one hospital can be interpreted in another. The advantage 
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of MALDI’s unbiased and numerical data is the capacity to database and automate tissue 
analysis, and beyond that, molecular information will extend past what can be known through 
staining. Classification-based methods should be vital in this drive to clinical applications as they 
have been with microbiological applications of MALDI-TOF MS. The question is partly, but not 
majorly one of finding the right algorithm as several classification algorithms have been 
successfully implemented in IMS datasets, but more a matter of curating a database and 
ensuring multi-institutional reproducibility. The lack of standardization in the field would need to 
be addressed in this case, and this may take time as sample preparation is an active field and 
even for phospholipids there are more than 5 efficient matrices that can be employed. Besides 
the logistical questions, there remains a need to develop IMS specific criteria for tissue analysis 
in the same way a pathologist would grade a tissue. If IMS is to compete with histopathological 
research, unifying data across types of cancer would be vital. As an example, lymphocytes 
appear in reaction to cancer and other diseases but whether the IMS signal is consistent across 
multiple organs is not confirmed. This sort of knowledge may form the basis of a well curated 
IMS database.  
Despite the advances of IMS in tissue imaging in relation to tissue pathology, IMS cannot be 
said to be widely adopted for this purpose. The issue may be related to instrument cost, 
expertise required to operate the instrument, and skepticism from the clinical community. 
However, pilot adoption in pathology labs may be the best push forward in the field.101 
Clearly, the field of IMS is relatively young and the enormous interest in direct on tissue 
localization of molecules exists. MALDI IMS remains the most important technique with new 
technologies coming into the fold for faster and more sensitive MALDI IMS. The potential of IMS 
hasn’t been limited to MALDI however, and other instrumentation and their particular strengths 
in imaging can no longer be denied. Regardless of the instrumentation employed, IMS data 
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Supplemental methods for Chapter 3 
 
Chapter 3: Supplemental Methods Figure 1. Outline of the workflow used in 3D 
reconstruction. Softwares, plugins, and R packages are listed in parentheses.  
114 
Detailed description of the methods and software employed in 3D IMS 
reconstruction. 
Multimodal 3D IMS of atherosclerotic plaques sample preparation and data acquisition 
Fresh-frozen artery tissue used in the 3D IMS experiments required embedding for sectioning 
as the tube-like samples prevents mounting of the tissue with a drop of media. We used OCT to 
mitigate this problem; embedding using OTC aids in stabilizing the cutting process but 
introduces signal artifacts as polymer peaks. These were however later useful during data 
analysis in determining the borders of the imaged tissue. 
Analysis of the mouse heart ascending aortas was focused at the heart’s aortic valve and roots. 
3D IMS was performed on two separate mouse hearts, with one designated for silver-assisted 
LDI and another for DAN positive/negative MALDI analysis. The small feature size of the mouse 
ascending aortal roots required imaging resolution that did not allow for dual DAN 
positive/negative ionization IMS on a single section with the laser focus (~30 μm in “small” 
setting) of our system. Positive and negative ionization IMS acquisitions were performed using 
two serial sections with a spatial resolution of 40 μm. 
The mouse heart 3D reconstruction for DAN included the analysis if 31 sections resulting in 
41,914 and 38,513 imaging pixels in positive and negative mode, respectively. The discrepancy 
in total pixel number is due to imaging area selections. For the mouse heart, sections were kept 
and after matrix removal in 100% ethanol of 30 s stained with ORO (colors neutral lipids red, 
indicates plaque formation) at every 100 μms prior to the aortal plaque in order to build 3D 
reconstructions of the whole heart volume and embed the IMS data within. Silver-assisted LDI 
IMS resulted in 117,152 imaging pixels over 64 sections at 30 μm imaging resolution. However 
in this case, only 31 sections (61,140 pixels) contained plaque and the rest were acquired 
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The entirety of each 3D reconstruction creates large data files with many separate acquisitions. 
IMS software solutions are limited for multi-sample datasets and 3D datasets. The data was 
converted to .imzML, a vendor neutral IMS data format, in order to use open-source and 
command-line capable data analysis tools suitable for multiple sample analysis. In this case, the 
R package Cardinal loading .imzML data provided simple to use and powerful functions for 
preprocessing (normalization, peak picking), combination of all data into a common file, and 
analysis using segmentation by spatially aware shrunken centroids clustering. 
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segmentation of the entire dataset together and reduction to only the plaque area removes non-
relevant pixels without error-prone and cumbersome manual selection. Removal of non-relevant 
or incomplete regions in 3D is an important aspect as the interested researcher may only target 
certain histologies for 3D reconstruction. Our results prove the basic molecular histology of the 
section is robust enough to reduce the dataset to its most important features. The human 
plaque sample did not necessitate a reduction as the images included few noise/polymer 
signals around the tissue area. The silver assisted LDI IMS data from the human carotid was 
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Chapter 3: Supplemental Figure 7. Unaligned silver data. Segmentation (k=8) shows 
inconsistent 3D features.  
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Supplemental tables and figures for Chapter 4 
 
 Training Set Validation 
Set 
Demographics 









Age, median (range) 62.7 (31-81) 63.2 (40-81) 
Features of the primary tumour 













































Baseline features of the liver metastases 


















Baseline lesion size, median (range)cm 4.75(0.3-9.2) 3.34(0.8-10) 
Treatment of the liver metastases 
Preoperative therapy, number of patients (%) 
Chemonaive 







Chapter 4: Supplemental Table 1. Baseline characteristics of training set (n=12) and 
validation set (n=40). NOTE: Validation set consists of 40 lesions from 38 patients, 2 patients 
underwent staged resection. 
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Chapter 4: Supplemental Figure 1. Overall Survival (OS) and Disease Free Survival (DFS). 
A Training Set: estimated 1-year and 3-year OS were observed at 100% and 81.8% 
respectively. Estimated 1-year and 3-year DFS were observed at 58.3% and 48.6% 
respectively. B Validation set: estimated 1-year and 3-year OS were observed at 100% and 
































tissue. Column 3: tissue topography with H&E staining. Column 4: x-ray film auto-radiography 
with macrophage-preferential PLTP mRNA in situ hybridization labeling. Column 5: Hyper-
spectral k-means clustering Imaging Mass Spectrometry (IMS) data. Abbreviations: H – 
hepatocyte; Li – liver; M – macrophage; S – selection and T – tumor. Magnification x5. 
  
Chapter 4: Supplemental Figure 3 Segmentation of the IMS data for the training set. The 
colors blue, red, purple, green, grey and white represent normal liver, viable tumor, necrosis, 






























































































































































Chapter 4: Supplemental Figure 6. Profiling and lithiated MS/MS of ions co-localized in 
areas of CRCLM usual necrosis.  
 





MS/MS of Series 2, isolation window 747.5-753.5. Three precursor ions. 
 







































Chapter 4: Supplemental Table 2.Pathologists and IMS mTRG gradings for all samples.  
serial no. Path1 Path2 IMS 
1 1 2 1 
2 2 2 2 
3 3 3 3 
4 3 5 3 
5 3 3 3 
6 4 4 4 
7 4 5 3 
8 2 2 1 
9 4 4 4 
10 4 5 4 
11 5 4 4 
12 3 4 3 
13 3 3 3 
14 3 too small to assess 3 
15 4 5 3 
16 3 too small to assess 3 
17 4 5 3 
18 4 4 4 
19 1 too small to assess 1 
20 4 3 3 
21 4 4 3 
22 2 1 1 
23 4 4 4 
24 2 1 2 
25 3 5 4 
26 3 3 4 
27 2 too small to assess 3 
28 2 2 2 
29 3 2 2 
30 4 4 3 
31 3 3 3 
32 4 too small to assess 4 
33 3 3 3 
34 1 1 1 
35 3 2 3 
36 3 3 3 
37 4 4 4 
38 4 4 4 
39 4 1 5 
40 3 3 3 
41 4 4 3 
42 4 4 4 
43 4 4 3 
44 4 4 4 
45 4 4 3 
46 4 4 4 
47 2 2 2 
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48 3 4 4 
49 4 5 4 
50 2 2 2 
51 3 3 2 
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